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Preface 



The lUTAM Symposium on Evolutionary Methods in Mechanics was 
held in Cracow, Poland, September 24-27, 2002. The site of the Sym- 
posium was Cracow University of Technology. The Symposium was at- 
tended by 50 persons from 18 countries. In addition, several Polish 
students, Ph. D. students and research associates participated in the 
meeting. 

The Symposium provided an excellent opportunity for scholars of me- 
chanics, computer sciences and artificial intelligence to interact and ex- 
change their points of view on the advanced computational and applica- 
tion aspects of the evolutionary methods in analysis and design of me- 
chanical systems. Recently evolutionary methods have become the most 
effective tools for solving specific kinds of problems in mechanics, espe- 
cially in structural and multidisciplinary optimization. The meeting was 
devoted to both theoretical and practical developments of computational 
mechanics methods drawing their inspiration from nature with partic- 
ular emphasis on evolutionary models of computation such as genetic 
algorithms, evolutionary strategies, classifier systems, evolutionary pro- 
gramming and other evolutionary computation techniques in mechanics. 
The objective of the Symposium was to provide an international forum 
for facilitating the exchange of information among researchers involved in 
computational intelligence methods based on evolutionary nature. The 
Symposium put special emphasis on evolutionary optimization in vari- 
ous fields of mechanics. The subject of evolutionary optimization has re- 
cently experienced a remarkable growth. New concepts, approaches and 
applications are being continually developed and exploited to provide ef- 
ficient tools for solving a variety of optimization problems in mechanics. 
The topics covered by the Symposium included: 

■ Evolutionary methods in shape and topology optimization, 

■ Evolutionary methods in size and material optimization, 

■ Evolutionary methods in multicriteria optimization. 
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■ Evolutionary methods in inverse problems of engineering mechan- 
ics, 

■ Evolutionary methods in biomechanics, 

■ Coupling of evolutionary methods and neural networks in mechan- 
ics, 

■ Methods of artificial intelligence in mechanics based on evolution- 
ary approaches, 

■ Other unconventional applications in mechanics. 

The lectures and discussions about them clearly showed the remark- 
able progress in applications of evolutionary methods in mechanics. The 
volume contains 33 papers. Much to regret of the Scientific Committee 
some manuscripts were not submitted. All papers contained herein have 
been reviewed to the standard of leading scientific journals. The Editors 
would like to acknowledge the great efforts on behalf of both the authors 
and reviewers. The Editors particularly wish to thank the Bureau of the 
International Union of Theoretical and Applied Mechanics (lUTAM), 
the International Society of Structural and Multidisciplinary Optimiza- 
tion (ISSMO) and the Internal Scientific Committee. Part of success 
of the Symposium was a consequence of the excellent facilities provided 
by the Cracow University of Technology. The smooth running of the 
Symposium owes much to the initiative and the organizational skills 
of B.Ulejczyk, M.Dziewohski, J.Habel, A.Karafiat, S.Krenich, W.Kulig, 
W.Kus, P.Orantek and A.Sobos. Einally, Editors would like to express 
their gratitude to the sponsoring organizations who have supported the 
Symposium financially, namely the lUTAM, the ISSMO, the Committee 
of Mechanics of Polish Academy of Sciences, the Polish Association for 
Computational Mechanics, Cracow University of Technology and Sile- 
sian University of Technology. 



Cracow/Gliwice, Pebruary 2004 



Tadeusz Burczyhski 
Andrzej Osyczka 
Editors 
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EVOLUTIONARY COMPUTATION IN CRACK 
PROBLEMS 



Witold Beluch 

Department for Strength of Materials and Computational Mechanics, Silesian University 
of Technology, Konarskiego 18a, PL-44-100 Gliwice, Poland 



Abstract: Evolutionary algorithms (EA) seem to be very interesting optimization algo- 

rithms, sometimes more efficient than the classical (especially gradient) ones. 
The application of EAs for many different problems connected with the opti- 
mization in fracture mechanics: the shape optimization of cracked structures, 
the identification of the cracks, the identification of the boundary conditions in 
cracked structures, the prediction of the crack growth path is presented. 
Boundary element method is used for solving the boundary-value problem. 
Numerical tests are included. 

Keywords: evolutionary algorithm, fracture mechanics, optimization, identification, 

boundary element method 



1. INTRODUCTION 



In the present paper the application of evolutionary algorithms (EAs) for 
solving problems connected with cracked mechanical structures is presented, 
namely: 

- the shape optimization of the external boundary; 

- the identification of the shape, position and number of the cracks; 

- the identification of the boundary conditions. 

All the foregoing problems could be formulated as the optimization ones. 
There are many different optimization methods, especially based on the 
gradient of the objective function [7]. Although they are very accurate and 
fast, there are many inconveniences: objective function must be continuous, 
the probability of convergence to a local optimum is very large, etc. EAs are 
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optimization methods which enable avoiding many inconveniences connec- 
ted with gradient methods, especially when the objective function is multi- 
modal and the value of its gradient is difficult to obtain. In order to calculate 
the objective function, it is essential to solve a boundary- value problem. In 
the present paper the boundary element method has been employed. 



2. PROBLEM FORMULATION 



2.1 Optimization problem 

The optimization problem is formulated as the minimization of the objec- 
tive function Jq: 

min:Jg(x) (1) 

with constrains: 

J„(x)=0, a=l,2,...,n 

Jp(x)>0, p=l,2,...,n (2) 

where: Jp - constrain functionals; x - shape design variables vector; 

n, m, k - constants. 

Depending on the problem, the objective functions are defined in the forms 
presented in Chapters 3-5. 

In order to calculate the objective functional value, one has to solve a boun- 
dary-value problem. This problem can be solved by means of the finite 
element method (FEM) or the boundary element method (BEM). Since the 
crack is a part of the boundary, the BEM seems to be the most convenient 
one. 

2.2 Boundary Element Method in fracture mechanics 

An elastic body occupying a domain Q and having a boundary E=3Q is 
considered (Fig.l). Two fields are prescribed on the boundary E: a field of 
displacements u°(x), xg E^, and a field of tractions p°(x), xg Ep, and EuUEp = 
E and runEp= 0. The body contains internal traction-free cracks Ci. 
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Displacements are allowed to jump across C: 

[u]=u"-u-^0 (3) 

The BEM seems to be the most suitable method for the problems with 
cracks because it is capable of accurate modelling the high stress gradients 
near the crack tip and (assuming the lack of body forces) the discretization of 
the inside of the body is not required. 




Figure 1. An elastic body containing cracks 

When the body forces are neglectable, the displacement of a point x can 
be represented by the following boundary displacement integral equation: 

c(x)u(x)= Ju(x,y)p(y)aT(y)- jP(x,y)u(y)aT(y), xgE (4) 

r r 

where: U(x,y), P(x,y) - fundamental solutions of elastostatics; c(x) - a con- 
stant depending on the collocation point (x) position; y - the boundary point. 

Applying eq. (4) on both crack surfaces two identical equations are cre- 
ated, so the consequential set of algebraic equations is singular. In order to 
overcome this difficulty the technique called the dual boundary integral 
equation method [6] is used. In this technique two different boundary 
equations are applied on both sides of the crack, namely equation (4) and a 
hypersingular tractions integral equation in the form: 



|p(x) = n 



jD(x,y)p(y)dr(y)- js(x,y)u(y)dr(y) , 

r r _ 



xgE (5) 



where: D(x,y), S(x,y) - the third-order fundamental solution tensors, n - the 
unit outward normal vector at the collocation point x. 
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The tractions integral equation is applied on one surface of each crack; 
the displacements integral equation is applied on the opposite side of each 
crack and the remaining boundary. 

2.3 Evolutionary program 

Evolutionary algorithms originate from classical genetic algorithms 
(GAs), which are stochastic algorithms modelling natural phenomena: 
genetic inheritance and Darwinian strife for survival. GAs work on popula- 
tions of solutions and are based only on the fitness (objective) function value 
information. In the classical GAs binary coding is used, binary operators of 
erossover and mutation are employed and the probability of operators is 
constant [4]. 

Evolutionary algorithms (EAs) are modified and generalized classical ge- 
netic algorithms in which different representations of the population (usually 
a floating point) and modified operators are used. The selection is usually 
performed in the form of the ranking selection or the tournament selection. 
The probability of operators can be variable. 

The evolutionary program used in the present work consists of two 
major blocks: the evolutionary algorithm block and the objective function 
evaluation block (Fig. 2). 




The floating point gene representation and the ranking selection are used. 
Five evolutionary operators are applied: uniform and boundary mutations, 
simple, arithmetical and heuristic crossovers [5]. 
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3. SHAPE OPTIMIZATION 

In the optimization of the external shape of eraeked structures several 
criteria are proposed [1]: 

a) the minimization of the maximum crack opening {MCO)\ 



Jo=MCO,,, (6) 

i-1 

where: MCO = max (u^ - u“); u^, u“ - the displacement values of the coinci- 
dent nodes laying on the opposite sides of the crack; Wi=MCOi/SMCOi - 
weight factors ( Wi=l); n - number of cracks, 

b) the minimization of the reduced J-integral: 



i=l 

where: Ji - J-integral for i-tip of the crack; Wi=Ji/EJi; n = 2 number of cracks, 

c) the minimization of the reduced stress intensity factor in the form: 



Jo=K,ed=Zw.K. (8) 

i=l 

where: Ki - stress intensity factors; Wj=Kj/EK;; n = 4 number of cracks. 

Traction-free and unconstraint parts of the external boundary are modi- 
fied. The restriction for the maximum value of the boundary von Misses 
reduced stresses is employed. 

3.1 Numerical examples 

3.1.1 Shape optimization - example 1 

The boundary of a 2D structure containing two cracks (Fig. 3 a) is optimi- 
zed. The objective of the optimization is to minimize Kred- Constraints on the 
equivalent von Misses stresses are imposed on the boundary. The optimal 
shape is presented in Fig. 3b. Kred has been reduced from 4.2679 to 3.9072. 
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Figure 3. A structure with 2 cracks a) before, b) after optimization 



3.1.2 Shape optimization - example 2 

A stmcture containing three linear cracks (Fig. 4a) is optimized and the 
criterion of minimum MCOred is applied. Constraints on the equivalent von 
Misses stresses are imposed on the boundary. The optimal shape is presented 
in Fig. 4b. MCOred has been reduced from 1.8389 to 1.53386. 




Figure 4. A structure with 3 cracks a) before, b) after optimization 
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4. CRACKS IDENTIFICATION 



A crack identification problem [3] can be presented as the minimization 
of the objective function Jo with respect to a=(ai): 



min(J„) = min 

a a 



J W(x) [q(x) - q(x)f df(x) 

r» 



( 6 ) 



where: - “measured” values of a boundary state field (displacements or 

stresses); qj - computed values of the same state field; a - parameters repre- 
senting the number, the position and the shape of the cracks . 

The following problems are considered: 

- the identification of the single cracks; 

- the identification of the multiple cracks with known cracks number; 

- the identification of the multiple cracks with unknown cracks number; 

- the identification of the cracks with the stochastic disturbance of the 
measurements. 

One assumes that measured state fields have stoehastic nature and are 
characterized by the mean value E(q) and the standard deviation D(q) . 



4.1 Numerical examples 



4.1.1 Cracks identification - example 1 

The problem of the identification of a crack when the displacements 
measured at 41 boundary (sensor) points were disturbed by random fluetu- 
ations was considered. It is assumed that D(q) = E(q)/30 . The final and 
actual position of the crack is presented in Fig. 5. 
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4.1.2 Cracks identification - example 2 



It is assumed that there are 1-^5 linear cracks of unknown lengths and 
positions inside the structure. The actual number of the cracks is 2. The aim 
is to find the number and positions of the eracks. Displacements at 81 sensor 
joints are measured. The aetual number of cracks was successfully found, 
^he actual and final positions of the cracks are presented in Fig. 6. 




■ - sensor point 



Figure 6. The identification of 1-5 cracks 




EVOLUTIONARY COMPUTATION IN CRACK PROBLEMS 



9 



5. IDENTIFICATION OF THE BOUNDARY CONDI- 
TIONS 

The identification of the boundary conditions in the form of tractions or 
concentrated loads can he expressed hy (6) where a are the parameters repre- 
senting the distribution of the tractions or concentrated loads. The subse- 
quent problems are considered [2] : 

- the identification of the boundary condition values; 

- the identification of the boundary condition values and positions; 

- the identification of the boundary condition values, positions and numbers. 
The influence of the stochastic disturbance of the measurements has been 

considered as well. 

5.1 Numerical examples 



5.1.1 Identification of the boundary conditions - example 1 



A 2-D structure containing a crack (Fig. 4) is considered. The aim is to 
identify the values of 3 tractions pi, p 2 and p 3 having measured displace- 
ments at sensor points. The measurement error (“noise”) is considered as 
well. Results are collected in Table 1. 



tilllit. 







1—0 

' .V| 





o - sensor point 



777777: 

Figure 7. The identification of 3 tractions 



Table 1. The identification of 3 tractions 



Traction 


No noise 


Noise 


No. 




Actual value 


Final value 


Error f%] 


1 Final value 


Error f%l 


1 


-50; 50 


15.0 


15.7546 


5.03 




3.06 


2 


-100; 100 


10.0 


10.0484 


0.48 




4.87 


3 


-50; 50 


15.0 


15.7516 


5.01 




2.95 
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5.1.2 Identiflcation of the boundary conditions - example 2 

A 2-D structure containing a crack (Fig. 5) is considered. The aim is to 
identify the number and the values of tractions having measured displace- 
ments at sensor points. There are 5 possible non-zero tractions (pl-p5). It is 
assumed, that if the generated traetion value is less than 1 .0, this traction 
does not exist. In fact there are 3 non-zero tractions. The measurement error 
is also taken into account. Results are presented in Table 2. 




Table 2. The identification of 0-5 tractions 



T raction 


No noise 


Noise 


igw 


Limitations 


Actual value 


Final value 


Error \%] 


Final value 


Error \%] 


1 


0; 20 


15.0 










2 


0; 20 


0.0 










3 


0; 20 


10.0 










4 


0; 20 


0.0 










5 


0; 20 


15.0 











6. CONCLUSIONS 

In the present paper evolutionary algorithm has been joined with the dual 
boundary element method into the evolutionary program. This attitude 
appears to be very useful in the optimization and identification problems of 
the cracked mechanical structures. The inverse problems, like identification, 
are very good for testing the used algorithm because the exact solution is 
known. 

Evolutionary program is especially efficient when the number of cracks 
or tractions (forces) is unknown. It is also very error-resistant - the stochastie 
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disturbance of measurements does not change the results critieally, though 
the computation can be more time-consuming. 

Using the parametric curves in the boundary optimization tasks allows 
decreasing the number of design variables. 
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INVESTIGATION OF EVOLUTIONARY 
ALGORITHM EFFECTIVENESS IN OPTIMAL 
SYNTHESIS OF CERTAIN MECHANISM 



Krzysztof Bialas-Heltowski, Tomasz Klekiel, Ryszard Rohatynski 

Department of Mechanical Engineering, University of Zielona Gora, Podgorna 50, 62-246 
Zielona Gora, Poland 



Abstract: This paper presents the comparison of four evolutionary algorithms (EA) in 

terms of their effectiveness as applied to solve an engineering optimization 
task. The four tested algorithms differed in structure. The problem to be solved 
concerned optimization of a four-bar linkage dimensions so that its movement 
follows a given trajectory. Best EA parameters values were sought, namely: 
crossover probability, mutation probability and pool size. The main EA 
evaluation criterion was the number of iterations necessary to set the size of a 
mechanism that would realize the trajectory with a given tolerance. Substantial 
dispersion of results obtained from the algorithms after multiple repetitions of 
calculations were observed. For that reason the second criterion was 
introduced, a statistical measure of iterations number dispersion. The 
combined criteria, the number of iterations and standard deviation, enabled 
different EAs effectiveness comparison and indicated proper selection of their 
parameters values. 



Keywords: evolutionary algorithm, optimization, mechanism synthesis 



1. EVOLUTIONARY ALGORITHMS TESTED 



In optimization problems that involve complicated and time-consuming 
calculations of fitness function, the number of iterations necessary to achieve 
the satisfying solution should be possibly small. Consequently, in such 
problems the selection of an adequate evolutionary algorithm and its 
parameters is of high importance. However, only the number of iterations 
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may not be sufficient a criterion. Evolutionary algorithms include probability 
mechanisms, which - in general - after the repetition of calculations do not 
guarantee achieving the required result with the same number of iterations. 
The number of iterations needed to find a satisfactory solution can be a 
sufficient criterion for the algorithm only if its repetitions show minor 
differences. But with high dispersion of this number the probability to find 
the optimal solution in one attempt highly decreases. 

The authors have proved that to recommend the number of iterations, it 
is necessary to allow for the dispersion of results. The dispersion can be 
evaluated through multiple repetition of the calculation with the unchanged 
input data and the same values of parameters adjusting the algorithm 
performance. In this paper the standard deviation has been applied as a 
statistical measure for the number of iterations necessary to yield a satisfying 
solution. Investigation of the influence of AE parameters on this indicator 
showed that it is statistically stable, that is the iterations number dispersion is 
a feature of AE. 

Four evolutionary algorithms were adapted to experiments, two of 
which have been taken from the textbooks with no changes in the 
evolutionary algorithm core part; they were only adopted for the 
experiment's needs. The source code of those programmes has been modified 
so that it was possible automatically to carry out the calculations for various 
sets of parameters, and to interface with programmes calculating the fitness 
function. The third algorithm differs from the second one in its mode for 
crossover, the fourth one has been developed by the second author. To sum 
up: 

a) AE 1 is virtually a genetic algorithm SGA, taken from [2] and 
extended for multidimensional optimization. 

b) AE II is an evolutionary algorithm from [3]. 

c) AE III is modified AE II by replacing a changing crossover by 
averaging crossover [ 1 ]. 

d) AE IV has been originally devised by the second author in [ 6 ]. 



2. OPTIMIZATION PROBLEM CASE 

The geometry of a four-bar linkage was sought for that five positions 
EjEi E 5 F 5 of its EE member was predetermined (Fig. 1.). Distances EB and 
EC as well as angles a and P should be determined so that EF member 
followed the given positions as exactly as possible. 

For the optimization task two objective functions, fl, and 12 were 
accepted. If we assume a tentative mechanism follows exactly predetermined 
five EF positions, then the objective functions fl and 12 are Ihe optimal ones. 
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If a not optimal mechanism still follows the given trajectory, then the base 
pivotal points A and D must move and take three positions, as shown in 
Fig.2. Consequently, the objective function fl is a measure of the distance 
between the triangle vertexes and its center. The base points A, B will be 
fixed only for the optimal mechanism. 

The second, (f2), function is simply a measure of the deviation of the 
actual EF points from the predetermined ones. The functions fl and f2 play 
the role of the fitness functions of the evolutionary algorithms. After having 
calculated fl and f 2 , if a roulette wheel selection system is used, one can 
evaluate fitness values of the population members. If the tournament 
selection is applied, the comparison of the fl and f 2 values indicates, which 
chromosome passes to the next population. 



For given positions EiFj E5F5 and any tentative values of the four 
optimization variables a, P, EB, FC, the base points, A(Xa , ya) and D(Xd , yj) 
coordinates and the members AB, BC, and CD length can be calculated as 
follows: 

a) Successive positions of Bi and Ci points, where i g <1;5>, for a given a, 

P, EB, FC; EiFi E 5 F 5 are determined by the following relations: 



Of course, BC length is constant for any fixed values of optimization 
variables. 

b) Flaving determined B 1 B 5 C 1 C 5 coordinates we draw four bisectors from 
straight segments B1B5 C1C5. The intersections of the neighbouring 
bisectors define coordinates of the Aj and Dj points; i g <1;3> (Fig. 2.) 



F 




Figure 1. The optimized mechanizm 




( 1 ) 
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c) The averaged coordinates of pivots A and D are calculated by the 
relations: 



A{x^,yA = D{x^,y^) = Aoy) 



( 2 ) 



,/=i 




d) Sum of distances between points A and Ai and D and Di is the fitness 
measure (fl); 



/i=X|m|+|^a|) 



( 3 ) 



e) For further calculations the averaged length of li nk s AB and DC are 
taken: 

= +(yA-yBjf = -xcjY + {yD-ycjf 

J j=\ ^ y=l 

f) Now trajectories Te and Tp of the E and F points can be calculated. It is 
assumed that AB link is the crank and DC is the rocker. The crank can 
rotate in the range 5 g <0;2ti>, where 8 is AB inclination angle to X-axis 
[4, 5]. 

g) The second fitness function f2 is evaluated by means of distances between 
the given and calculated EF points. The problem of finding the points in 
calculated trajectories Te and Tp that correspond to the assumed EF points 
can be resolved by means of elementary geometry. 
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3. RESULTS OF EXPERIMENTS 

In this section we discuss the results of the application of four previously 
mentioned algorithms in the task explained in section 2. It had been assumed 
that the main algorithm effectiveness indicator would be the number of 
iterations necessary to achieve the required level of the mechanism quality 
measure. The second criterion is the dispersion of the iterations acquired in 
10 calculation tests. One should notice, that the number of iterations does not 
exactly match with the time of calculations, as the second also depends on 
the population size (PS). The PS value then, may also be taken into account 
fm the algorithm evaluation. 

To economize the number of experiments a Latin Square plan has been 
devised. Assumed values of EA parameters are shown in Table 1. The 
abbreviation PS stands for number of population; PC marks the crossover 
probability, and PM mutation probability. 



Table 1. Values of the EA parameters for numerical experiments 



Lp 


PS 


PC 


PM 


1 


30 


0,5 


0,01 


2 


50 


0,6 


0,05 


3 


80 


0,7 


0,1 


4 


100 


0,8 


0,15 


5 


120 


0,9 


0,2 



For this number of variables and this number of their values it is possible 
to construct 4 experiment plans. The Latin square chosen is shown in Table 
2. The figures in the first column indicate PS values. The figures in the first 
row - the PC values (from Table 1). The numbers at the crossing of a row 
and a column identifies the PM values (from Table 1). To sum up, there are 
25 sets of parameters, which have been applied for four evolutionary 
algorithms tests. 



Table 2. The Latin Square for numerical experiment 





1 


2 


3 


4 


5 


1 


1 


2 


3 


4 


5 


2 


3 


4 


5 


1 


2 


3 


5 


1 


2 


3 


4 


4 


2 


3 


4 


5 


1 


5 


4 


5 


1 


2 


3 



For all algorithms the ultimate value 0,1 of the fitness function f2 was 
assumed as the stopping citerion. This value was calculated from the shift 
between the given and the actually performed trajectories. If the program 
had not reached this value in 2000 iterations it also stopped. 

It has been observed that although all of the tested algorithms achieved 
the fitness function required value, the numbers of iterations though 
depended not only on the type of algorithm and its set up, but they were also 
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different in repetitions. That led to the eheck of their dispersion. In order to 
do that the ealeulations for eaeh set of parameters were repeated 10 times. 
The results are shown on Figures 3 to 6. 



Plot of Means vs. Standard Deviations; variable: ITERATION 
for EA I 




Means 



Figure 3. Mean number and dispersion of iterations for EA I with particular sets of 

parameters 

Figure 3 outlines the results of the experiment for the EA I algorithm. 
The most promising settings are 16 and 18, with the eorresponding 
parameters EA: PS=100, PC=0.5, PM=0.05, and PS=100, PC=0.7, PM=0.15, 
respeetively. These sets differ as well in terms of mean iterations number as 
the dispersion. Aeeording to individual user preferenees either 16 or 18 may 
be deelared better. 



Plot of Means vs. Standard Deviations: variable: ITERATION 
for EA II 




Means 



Figure 4. Mean number and dispersion of iterations for EA II with particular sets of 

parameters 

Figure 4 presents the results for EA II algorithm experiment. Taking into 
aceount iterations number dispersion and its mean value two settings, 
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number 4 and 23, can be distinguished, with the following corresponding 
parameters EA: PS=30, PC=0.8, PM=0.15, and PS=120, PC=0.7, PM=0.01. 
Iterations number dispersion is smaller in set 4 than in set 23, but the latter 
requires fewer number of iterations. 



Ptot of Means vs. Standard Deviations; variabie; ITERATiON 
for EA ili 




Means 



Figure 5. Mean number and dispersion of iterations for EA III with particular sets of 

parameters 



Piot of Means vs. Standard Deviations: variable: ITERATION 
for EA IV 




Means 



Figure 6. Mean number and dispersion of iterations for EA IV with particular sets of 

parameters 

Figure 5 shows the results for EA III algorithm. In this case the best set is 
set 20 with EA parameters: PS=100, PC=0.9, PM=0.01. It features the 
smallest iterations dispersion and at the same time the lowest mean value. 

Figure 6 shows the results for algorithm EA IV. Here the best set is 21 
with the following values of EA parameters: PS=120, PC=0.5, PM=0.15. Set 
6 also marks out, with its EA parameters: PS=50, PC=0.5, PM=0.1. The 
differences between these two sets are minor, however, because of the fact 
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that in set 6 the pool size is two times smaller will probably shorten the 
calculation time, which may be advantageous despite the higher number of 
iterations. 

Next, the probability of reaching the required fitness function limit for 
the best sets of EA parameters was defined. Having approved that the 
aequired results could be approximated with normal distribution, the 
numbers of iterations were assigned of the adequate distribution function. 
The results are shown in Figures 7 tolO. 



Variable IT : distribution: Normal 
for 16th collection in EA I 




Category (upper limits) 



Figure 7. Histogram and cumulative frequency graph for iteration numbers at set 16 (AE I) 



Variable IT ; distribution: Normal 
for 23 collection in EA II 




Category (upper limits) 



Figure 8. Histogram and cumulative frequency graph for iteration numbers at set 23 (EA II) 

According to these figures, algorithm EA I features the lowest efficiency, 
as it requires the highest number of iterations, thus the solution seeking time 
is the longest. Replacing binary coding with the floating point coding 
slightly enhances the algorithm efficiency. It is the case of EA II where the 
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number of necessary iterations is lower at about 100 iterations i.e., c.a. 10%. 
However, taking into account smaller population size in AE I, one can not in 
advance recommend which of the two algorithms is better. 



Variable IT ; distribution: Normal 
for 20th. collection in EA III 




Category (upper limits) 



Figure 9. Histogram and cumulative frequency graph for iteration numbers at set 20 (EA III) 

In EA III algorithm the exchanging crossover applied in EA II was 
replaced with averaging crossover. This led to the decrease in number of 
necessary iterations at about 40% as compared to EA II, but also the EA III 
population size decreased at about 20%. This made EA III much more than 
algorithms EA I and EA II. 



Variable IT ; distribution: Normal 
for 21th. collection in EA IV 




Category (upper limits) 



Figure 10. Histogram and cumulative frequency graph for iteration numbers at set 21(EA IV) 

Algorithm EA IV required 45% less iterations than algorithm EA III. 
Although the difference in size of population was beneficial for EA III and 
was smaller at 17%, however, as it can easily be seen EA IV is the most 
efficient algorithm. 
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4. SUMMARY AND CONCLUSIONS 

This work presents the results of the research on the effectiveness of four 
evolutionary algorithms applied in a given mechanism trajectory 
optimization task. The fitness function was to minimize the differences 
between the given and realized trajectory of the mechanism. In order to 
compare the algorithms effectiveness a computing experiment has been 
devised applying the Latin Squares method. 

The two criteria for the AE evaluation were: the number of iterations 
necessary to achieve the required fitness function value of the mechanism, 
and the probability of acquiring that value with a given number of iterations. 
Four algorithms were tested in terms of the influence on the two criteria of 
such parameters as: crossover probability, mutation and population size. 
Optimal sets of those parameters for every AE were determined, and the 
results were statistically interpreted. All that facilitates the user to realize, 
which of the tested algorithms is most suitable for a particular application. 

The approach presented here may be helpful in making objective 
comparison of evolutionary algorithms and in defining their optimal settings. 
It makes also possible to relate the number of iterations with expected 
probability of achievement of the required fitness function value. 

The above conclusions can be probably extended for other optimisation 
problems of similar feature. 
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Abstract: Genetic algorithm has been used to find an optimal design of the movable and 

fixed window framework taking into account their thermal interaction with the 
glass pane and the wall. The objective function has been defined as a 
minimum heat losses subjected to a constraint of constant stiffness and amount 
of steel. To accelerate the computations parallel processing has been 
implemented. 

Keywords: genetic algorithms, window frame, heat losses, parallel processing 



1. INTRODUCTION 



The main driving forces of reducing the heat losses from buildings are 
the increasing energy costs. Typically, about 30% of heat is lost through 
windows. Standard windows consist of double glazed panes and wooden, 
plastic or metal frames. Window frames have smaller surface area than the 
window panes, thus for a longer time the optimal thermal design of these 
elements has been of secondary importance. At the current level of glazing 
and walls insulation the question of heat losses from window frames 
becomes important. 

The present paper deals with an optimal design of a plastic window 
frame. To increase the insulating properties of the plastic frames, air 
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chambers are introduced. However, such profiles do not have the required 
stiffness. The necessary stiffness is achieved by inserting metal profiles in 
the frame. The presence of a highly conducting metal increases the heat 
losses. Obviously, the shape of stiffener has a greatest influence on the heat 
losses through the frame. 

The determination of the optimal geometry of the frame in the sense of 
minimum heat losses subjected to the constraints has been accomplished 
using a standard genetic algorithm [1]. Genetic algorithms, whose principle 
mimics the natural selection process, offer an elegant way of circumventing 
the disadvantages of the standard optimization techniques. The algorithms 
do not require calculation of sensitivity coefficients and can readily be 
employed to problems with varying topology. Robustness of these procedure 
in the presence of local minima is their another important advantage. On the 
other hand, the computing times of genetic algorithms are much longer than 
in the case of standard nonlinear programming. Only the recent drastic drop 
of the computing costs along with the parallel computing options made 
algorithms competitive with the standard optimization techniques. 

The first step of the study was the optimization of a simplified geometry. 
It was a fixed frame with neglected influence of heat transfer to the pane and 
the wall. Some examples were already discussed in our previous work [2,3]. 
Depending on the imposed constraints the optimization lead to a reduction of 
the heat losses by 10% to 30%. 

In the present study an optimization of a more realistic configuration has 
been undertaken. The computational domain encompassed the movable and 
fixed window framework with thermal interaction with the glass pane and 
the wall taken into account. In this case the shape is quite complex and fine 
discretization is required to ensure sufficient accuracy. As a result the 
solution of a boundary value problem is time consuming. The heat transfer 
solver used in this study based on the Boundary Element Method (BEM) 
needed about 18 minutes to calculate the heat losses (Athlon IGHz, in-core 
solver). The grid (limited to the boundary) consisted of 1797 nodes and 821 
elements Additionally, as two stiffeners need to be considered, the number 
of design parameters is significant. This is turn makes the number of shapes 
that need to be considered high. The entire optimization process is therefore 
numerically intensive. The estimated processing time is in this case of the 
order of two months. To accelerate the computations parallel processing has 
to be implemented. 
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2. FORMULATION OF THE PROBLEM 



2.1 Heat transfer 

A 2D problem steady state heat transfer is eonsidered. The frame with a 
portion of wall and pane eonsists of seven materials: PVC, air, steel, ceramic 
airbrick, glass, aluminum and rubber. For the air in the window pane the 
equivalent heat conductivity has been calculating according to the equation 
of Shewen [4]. The values taken in the calculations are shown in Table 1. 



Table 1. Material properties used in the calculations. 



material 


heat conduc. W/m K 


material 


heat conduc. W/m K 


steel 


28,0 


PVC 


0,163 


brick 


0,30 


aluminum 


164,0 


glass 


0,80 


air in the chamber 


0,023 


rubber 


0,20 


air in the win. pane 


0,040 



Prescribed boundary conditions are depicted in Figure 1. On the portions 
of the contour exposed to the environment and in contact with the air in the 
room Robin’s boundary conditions are prescribed. 



insulation glass 




insulation 



Figure 1 . Geometry and prescribed boundary conditions for the window frame with portion 
of the pane and the wall. Wall and pane not to scale. 
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For the temperature differences and geometrical dimensions occurring in 
the problem, both natural convection and radiation are of minor importance 
in the air filled enclosures in the frame. Thus, it is assumed that the heat in 
the cavities is transferred solely by conduction. 

The values of the outdoor and indoor temperatures were set to +20° and 
-20° which is in agreement with Polish standards [5,6]. The values of the 
indoor and outdoor fdm coefficients 23 and 8 W/m^K have been taken from 
another Polish standard [7]. Heat transfer through the remaining portions of 
the external surface of the frame has been neglected. On the interfaces 
between different material ideal thermal contact, ie. continuity of both 
temperature and heat flux has been assumed. The geometry of the numerical 
examples is a simplified version of a real frame taken from [8]. 

2.2 Formulation of the optimization problem 

The objective of the optimization is to minimize the heat losses subjected 
to several constraints [2,3]; 

a) stiffness should be greater then a prescribed value 

b) amount of steel used should not exceed some specified value 

c) the stiffeners should be contained within air cavities 

d) outer contour of the frame should not change 

e) minimum thickness of the plastic walls should be greater than some 
prescribed values. Different values of minimum wall thickness for 
internal and external walls were applied. 

f) geometry of the frame is approximated by a set of line segments 

It is assumed that the element of the frame can be modeled as a beam. 
Additional stiffness resulting from the connections with other elements of 
the frame is neglected, which is a conservative assumption. Standard ID 
beam equation used in the study reads 



El 



yy 




= 0 



where u is the deflection of the axis of the beam, E and lyy are Young 
modulus and moment of inertia, respectively. 

As the contribution of the plastic to the overall stiffness of the frame is 
negligible, the measure of the stiffness is the moment of inertia of the metal 
insert with respect to a vertical (y) axis passing through the center of gravity. 

The design variables are contractions, expansions and translations of the 
air cavities, and deformations of the steel stiffeners. The location of the 
characteristic points of the boundary, ie. the comer points of the air cavities 
and the stiffener is expressed in terms of decision variables defined as the 
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coordinates of some control points. In the developed algorithm, the 
coordinates of the characteristic points are defined as an arbitrary linear 
combination of the control points. This approach offers significant flexibility 
in defining the admissible variation of the geometry. 



3. NUMERICAL TECHNIQUE 



3.1 Solution of the heat conduction problem 

The heat losses from the frame have been computed using BETTI, a 
boundary element code [9]. The first step of the boundary element method 
(BEM) is a transformation of the original boundary value problem in 
homogeneous domain into an equivalent integral equation of a form [10]. 

c(p)T’(p)= |,b(r)r*(p,r)-r(r)^*(p,r)]dC(r) (1) 

Where r, p are vector coordinates of the current and observation points, 
respectively. T is the temperature and q the associated heat flux q=-k VT n 
with k standing for the heat conductivity and n being the outward drawn unit 
normal vector of the contour. T* is the fundamental solution of the Laplace 
equation and q*=-kVT* n. cfpf is fraction of the angle subtended in the 
computational domain. The vertex of the angle is at point p. 

The next step is the discretization of eq. (1). This is done by 
approximating the geometry, temperature and normal flux using locally 
based shape functions. The final set of equations is then generated by nodal 
collocation. The result reads 



H'T'+G'q'=0 (2) 

Where H and G are the influence matrices and vectors T and q gather 
values of temperatures and heat fluxes at nodes located on the boundary. 
Superscript i refers to the number of the subregion. 

The procedure is repeated in all subregions and the sets of linear 
equations corresponding to subregions are linked by enforcing the continuity 
of temperatures and heat fluxes on the interface between adjacent 
subregions. The details of the BEM technique are available in standard 
references [10]. 
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3.2 Checking the stiffness 

Checking the satisfaction of the constraints requires calculation of surface 
area, coordinates of the mass center and the moment of inertia. All these 
quantities are expressed in terms of surface integrals 

A= ^^dA{r), Xq = _[x(L4(r)/^, /^ = J^(x-xj(y(r) (3) 

where A is the surface area, xq is the x coordinate of the mass center, I^yy 
moment of inertia with respect to the y axis passing through the mass center. 

The evaluation of these surface integrals can be significantly simplified 
by converting them into contour integrals. This has been aecomplished 
making use of the Stokes theorem. 

(^wdC(r)= j^rotw(y(r) (4) 

where w is an arbitrary vector, C is a contour of the surface A. As the 
surface of integration lies in the xy plane the normal infinitesimal surface 
vector is defined as A^ = {0,0, dxdy } and the vector tangential to the contour 
line has a form of . C = (dx, dy,0} . Denoting by wa, Wy, rvi vectors used to 
calculate the surface area, center of gravity and moment of inertia, 
respeetively, their rotations are defined as 

rotw^ = {0,0,1}, rotw^ = {0,0, x} , rotic^ = {0,0,(x-X(,)^} (5) 

It ean be readily proved that the vectors w should be defined as 

= {0,x,l}, = {-xy,0,0}, Wj = {-y(x-Xo)^0,0} (6) 

Making use of the parametric representation of the line segments of the 
contour, the original surface areas can be converted into boundary integrals. 
This simplifies the calculations of the constraints and is in line with BEM, 
the numerical technique used in the study, where only boundary integration 
needs to be carried out. 

3.3 Genetic algorithm 

The evaluation of the optimal geometry of the frame in the sense of 
minimum heat losses subjected to the constrains defined in the previous 
section have been accomplished using a standard genetic algorithm. 
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The procedure starts with a creation of an initial population consisting of 
Nq members. The fitness function is expressed in terms of heat losses Qi by 
an relationship fitness = (Qi)'’’ where p is a user defined constant. 

In the next steps new generations are created. The number of individuals 
in a generation does not change throughout the iterative process. The new 
generation is generated in three stages: selection, mutation and mating. 

The main features of the implemented version of the algorithm are given 
in previous works [2,3]. 

3.4 Influence of the parameters of the genetic algorithm 

The efficiency and accuracy of the genetic algorithm depend on the 
values of a set of tuning parameters 

• number of individuals in the generation Ng 

• number of populations Np 

• probability of mutation 

• probability of crossover Pc 

• power used in the definition of the fitness function p. 

In the present work a proper selection of those parameters are very 
important. Finding a plausible set of these parameters has been accomplished 
by solving a simpler problem [2,3]. All the tests were made for a 
configuration consisting of the fixed frame insulated from the movable 
frame as well as the wall and the glass pane. As the computing times were 
short, several test could be run in order to find the best set of parameters 
controlling the genetic algorithm. It is clear, that this set is not optimal for 
the problem under consideration, but due to the similar nature of the both 
problems, their tuning parameters should not differ too much 

The values of the tuning parameters applied when solving the problem 
were A=16, P„ = 0.15, Pc =0.5, p=\. The number of populations has been 
determined interactively by analyzing the values of the fitness of the best 
individual in subsequent populations. The results presented in the papers 
correspond to Np =500. 



4. SELECTION OE PROPER DEGREES OF 
FREEDOM 

It is fairly difficult to decide which elements of the fixed and movable frame 
should change their position to minimize the heat losses. The choice need to 
be made in a heuristic way, as there is no methodology of selecting the best 
set of control variables. As the computing times are too long to make 
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numerical experiments, common sense need to be used to identify the 
variables controlling the nonlinear programming procedure. 

The final configuration of the degrees of freedom of fixed and movable 
frame can be seen in Figure 2. 




Figure 2. Design parameters used in the frame. 



5. PARALLEL PROCESSING 

Our computer cluster consists of nine PCs (Athlon IGHz). An important 
constraint in using the cluster was that during the computations, the 
computers should be available to other users. Using standard parallel 
processing software (PVM, MPI) could in this case be cumbersome, as 
during the computations the workload from other tasks could dynamically 
change. Therefore, we decided to develop own parallel computation 
software, to take care of the specific needs. 

Here are some features of the developed package. The source code of the 
genetic algorithm does not undergo any changes and resides on the server 
playing the role of the supervisor of the entire process. The supervisor 
module generates the chromosomes of the next population (input files for 
BETTI), distributes the workload and controls the state of the current 
computations on each workstation. Checking the presence of specific files 
within the shared disk space controls the progress of computations. The 
evaluation of the fitness function ie, the solution of heat conduction problem 
using BEM is carried out at a cluster of workstations. The communication 
between server and workstations is supported by disk mapping mechanism. 

In the course of computations the software is able to reschedule tasks 
allotted to a given workstation in the case the computations are stalling. 
Also, a previously excluded workstation can automatically be assigned new 




MINIMUM HEAT LOSSES SUBJECTED TO STIFFNESS... 



31 



tasks. Thus, the software is insensitive to failures of the hardware and 
software. 



6. RESULTS 

The combination of BEM and genetic algorithms proved to be an efficient 
tool to solve this fairy complex shape optimization problems. The simple 
remeshing, limited only to the boundary, characteristic to the BEM is its 
great advantage in this context. Though the calculations are time consuming, 
the paralellization mitigates this problem significantly. 

The calculations carried out by the authors show the possibility of 
noticeable reduce the heat losses from a window frame. This can be achieved 
by simple modification of the geometry of the plastic frame and the steel 
stiffeners. Figures 3 and 4 show the initial and resulting geometry of the 
frame. Glass panes and wall are not shown in the figure. 





Figure 3. Starting configuration of the frame. Figure 4. Resulting geometry of the frame 

after optimization. 

The final result of the optimization was a reduction of the heat losses 
from 6.74 W/m to 5.97 W/m. It means the reduction of about 12%. It should 
be stressed that the results obtained in this study are obtained assuming 
several simplifications concerning the mechanisms of heat transfer in the 
frame. To yield a better estimation concerning the reduction of the heat 
losses, the heat transfer problems in the initial and final configurations will 
be recomputed using a CFD code taking into account natural convection and 
radiation within the cavities. 
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number of generation 



Figure 5. Reduction of the heat losses in the course of iteration. 
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Abstract: Evolutionary computations in identification of multiple material defects (voids 

and cracks) in mechanical systems and identification of shape and position of a 
tumor region in the biological tissue domain are presented. The identification 
belongs to inverse problems and is treated here as an output (measurement) 
error minimization, which is solved using numerical optimization methods. 
The output error is defined in the form of a functional of boundary 
displacements or temperature fields. An evolutionary algorithm is employed to 
minimize of the functional. Numerical tests of internal defects identification 
and some anomalies in the tissue are presented. 

Keywords: evolutionary algorithms, inverse problems, identification of defects, detection 

of a tumor, the finite element method, the boundary element method 



1. INTRODUCTION 

Most of the catastrophic failure of mechanical structures were caused by 
the appearance of material defects. There are several non-destructive 
methods, applied in identification of such defects but only a few of them are 
able to find internal defects, which in some cases are very hardly detectable. 

Evolutionary algorithms can be very useful in solving of inverse 
problems. They were used in identification problems in [1],[2],[3],[4], [11]. 
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The goal of the proposed work is to develop and examine a solution 
technique for non-destructive identification of multiple internal defects 
(cracks and voids) in mechanical systems being under dynamical loads and 
tumor identification in biological systems having measured temperature 
field. This teehnique is based on minimization approach performed by the 
evolutionary algorithm and using the boundary element method and finite 
element method to solve direct problems. 

Evolutionary algorithms were used in identification problems in [2], [3], 
[4], [7] and [8]. The paper deals with the identification of multiple internal 
defects in mechanical systems being under dynamical loads and tumor 
identification having measured temeperature field on the skin surface. 
In order to solve the defect identification problem the evolutionary approach 
is proposed. 



2. FORMULATION OF DEFECT IDENTIEICATION 

Consider a bounded body B with an external boundary S, containing an 
internal defect in the form of a void V of the boundary T (Fig. la) or a crack 
with the crack surface T (Fig. lb). Fet Q denote the actual body (i.e. 
containing the defect): Q = B\V or Q = B\F and dO. = S u F. The 
displacement «, strain e and stress a are related by well-known field 
equations of linear elastodynamics in the time domain: 

diver -pii = 0 

<T = C:£ (1) 

£ = 1(V« + V^«) 

where p - a material density, C - a fourth-order elasticity tensor. 

Eqs (1) are completed with boundary and initial conditions. The given 
traction p is imposed on a part of the external boundary S, while on the rest 

of S the displacement u is known. The boundary F is traction-free and the 
initial rest is assumed. The traction vector p = ern is defined in terms of the 
outward unit normal n to boundary S. In the crack case the displacement u 
is allowed to jump across F ; [h] = 0 . 

If the body undergoes free vibration, the governing equation is described 
as follows: 

diver -I- co^ pu - 0 (2) 



where w denotes a circular eigenfrequency of the body. 
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Figure 1. A body with an internal defect: a) void, b) crack 

Consider the problem of finding the shape and position of an internal 
defect using elastodynamics experimental (or, for instance presented in this 
paper, simulated) data. The lack of information about V and T 
is compensated by some knowledge about « on S or ry (redundant boundary 
data). The usual approach for finding T is the minimization of some distance 
J between u ox co computed for an arbitrary internal defect and u ox 0) 
measured or simulated (computed for the actual defects), e.g.: 

J = w^J^ + W 2 J 2 (3) 

where Wi and W 2 are weight coefficients, Ji and J 2 are defined as follows: 

( 4 ) 

^ /=! 

J 2 = I dSdt = — u[x,t)^ dSdt (5) 

0 ^ 0 s 

where co. indicates i-th circular eigenfrequency of the body, u{x,t) is a 

displacement vector of the point x on the boundary S at time t. 

In order to evaluate (4) and (5) the boundary element method was used. 



3. FORMULATION OF TUMOR IDENTIFICATION 

The body surface temperature of biological systems depends on the local 
metabolism, the blood circulation and heat exchange between the skin and 
the environment. These parameters can change if there are some anomalies 
in the body like a tumor [7], [8], [9]. An application of evolutionary 
algorithms in position and shape identification of these anomalies based on 
known surface temperature values is considered. 
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The bioheat transfer in the tissue is described by the Pennes equation in 
the form [7], [8]: 

/iv^r(x)+e^,,^+e„=o, xgq (6) 

where A. [W/mK] is the thermal conductivity of the tissue, Qperf [W/ m^] is 
the perfusion heat source, [WW] is the metabolic heat source, T(x) is 
the tissue temperature at point x=(x,y). This equation is supplemented by the 
boundary conditions - Figure 2. 

. ar(x) 

q(x) = -A ^=0, xgTj 

dn 

q(x) = 0, xgTj ( 7 ) 

T(^) = T^, xgT, 

q'(x) = o, xG 

where q(x) is the boundary heat flux, dT /dn denotes the normal derivative at 
the boundary point considered, Ta is the arterial blood temperature [2]. It 
should be pointed out that the adiabatic condition on the skin surface Fj 
enables avoiding the influence from surrounding environment, which means 
that the skin is covered with an insulating material. The value of the heat 
source Q=Qperf^Qm is different for the healthy tissue and the tumor region, 
this means 

f Q, - healthy tissue 
Q = \n t • 

\Q 2 - tumor region 

In order to solve the direct problem the boundary element method (BEM) 
and the finite element method (FEM) can be applied. In this paper the FEM 
is used. 

The bioheat transfer in the healthy tissue and the tissue with a circular 
tumor is considered. The geometry and boundary conditions are shown in 
Figure 2. The temperature fields in the tissue for the healthy tissue and the 
tissue with the tumor are presented in Figure 3. The temperature 
distributions over the skin surface for both cases are presented in Figure 4. 
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r2 




Figure 2. Tissue geometry a) before, b) after FEM discretization 





Figure J. Temperature field: a) healthy tissue, b) tissue with tumor 
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Figure 4. Skin surface temperature distribution 

The shape and position of the tumor can be found by minimizing a 
functional formulated as a distance J between measured skin surface 
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temperatures f (x) and temperatures T (x) obtained using numerical model, 

e.g. 

J= j(f(x)-r(x))'r/r(x) (9) 

r 

If temperature field is measured and computed in selected sensor points 
x=x\ s=l,2,..,S, then the functional (9) takes the form 

j = X j(r(x)-r(x)fj(x-xOr/r(x) (lo) 

s'=l Y 

where S is the number of sensor, 6 is the Dirac function. 



4. EVOLUTIONARY IDENTIFICATION METHODS 

The algorithm minimizes the fitness functions (3) or (10) with respect to 
defect or tumor shape parameters. A vector chromosome characterizes the 
solution: 

Z={z^,z^...z....z„} (11) 

where zi are genes which parameterize the defect or the tumor. 

The genes are real numbers on which constraints are imposed in the 
form: 

ZiL ^ Zi < ZiR ; i=l,2,...n (12) 

The evolutionary algorithm starts with an initial generation. This 
generation consists of N chromosomes generated in a random way. Every 
gene is taken from the feasible domain. Evolutionary operators: mutation 
and crossover modify the initial generation. The next stage is an evaluation 
of the fitness function for every chromosome and the selection is employed. 
The selection is performed in the form of the ranking selection or the 
tournament selection [10]. The next generation is created and operators work 
for this generation and the process is repeated. The algorithm is stopped if 
the chromosome, for which the value of the fitness function is zero, has been 
found. An effectiveness of the evolutionary algorithm depends on its 
operators, which can be defined in a different way. The flowchart of the 
evolutionary algorithm is presented in Fig. 5. 
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Figure 5. Flowchart of evolutionary algorithm 

The crossover operator swaps some chromosome of the selected parents 
in order to create the offspring. Simple, arithmetical and heuristic crossover 
operators are used. 

The simple crossover needs two parents and produces two descendants. 
The simple crossover may produce the offspring outside the design space. 
To avoid this, a parameter ae[0,l] is applied. For a randomly generated 
crossing parameter i it works as follows (chromosomes Zi, Z 2 are parents pi 
and p2, respectively, and chromosomes z^,z^ are children dl and d2, 
respectively): 

pi: Zi ={zi,Z2v,z,.,...,z„} 
p2 . Z 2 ^e^ ^ C2 , ‘ , e^ ^ f e^J 

dl: 

z ; = { Zj , . . . , z,. , +ae,.^i +(l-a)z.^,,...,ae„+(l-a)z^j (14) 



d2: 



Z 2 = {ei , . . . , e,. + (1 - «)e,+i , . . . , «z„ + (1 - a)e„ } 



(15) 
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The arithmetical crossover gives two descendants, which are a linear 
combination of two parents 

Z[ =aZ| +(l-a)z 2 ; Z 2 =az 2 +(l-a)z, (16) 



The heuristic crossover produces a single offspring: 

z; =r(z2-Zi) + Z2 (17) 

where r is a random value from the range [0, 1 ] and J(z 2 ) <J(Zl). 

Four kinds of mutation operators: uniform, boundary and non-uniform 
mutation, are used. The chromosome before mutation has the form 
Zj ={zpZ 2 and after mutation it takes the form 

z;={z,,Z 2 ...,z',...,z„} (18) 



The uniform mutation: children are allowed to move freely within the 
feasible domain and the gene z. takes any arbitrary value from the range 

[ZiL, Z^r] . 

The boundary mutation: the chromosome can take only boundary values 
of the design space, z. = or z^ = z^^ . 

The non-uniform mutation: This operator depends on generation number 
t and is employed in order to tune of the system 



f Z; -I- A ( t, z,.^ - Z; ) if a random digit is 0 

I Z; - A ( t, Z; - Z; 2 ^ ) if a random digit is 1 



(19) 



where the function A takes value from the range [0, e]. 



5. GEOMETRICAL PARAMETERIZATION OF 
DEFECTS AND TUMORS 

The material defect is parameterized as an elliptical flaw (Fig. 6). In this 
case the chromosome, for the i-th flaw, consists of five genes 



z'— {Zi, Z2, Z3, Z4, Z5} 



( 20 ) 
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where Zi=x and Z 2 =y are co-ordinates of the center of the flaw, Z 3 =ri and 
Z 4 =r 2 are radii of the flaw and Zs=a is an angle. 




Figure 6. Parameterization of the elliptical flaw 

From the elliptical flaw one can obfain special material defects as: 

• circular void if rj=r 2 =r and a=0, 

• crack if r 2 <r„in, where rmin is a prescribed admisible small value. 

In the case if ri<r„in and r 2 <r„in the defect does not exist. 

For the case when the body contains n defects the chromosome takes the 
form 

z={z\z\ ..z‘. ,z"} (21) 

where z' is the vector which contains genes for the i-th elliptical flaw. 

The NURBS curve can represent areas of the tissue with a tumor. The 
chromosome contains information about the center of the tumor (x,y) and 
coordinates of control points Pi-Pn- These coordinates are relative to the 
center of the tumor. The chromosome takes the form: 

( 22 ) 

The sample NURBS curve with 4 control points is presented in Fig. 7. 




Figure 7. Parameterization of NURBS curve 




42 



TBURCZYNSKI ETAL. 



6. NUMERICAL EXAMPLES 

Numerical tests of identification have been carried out for 2-D problems. 
The identification procedure of the defect and the tumor is based on the 
evolutionary algorithm and employs information about of the objective 
functionals (5) and (10). 

6.1 Defect identification 

A 2-D structure, shown in the Fig. 8 contains two internal defects. The 
actual parameters of an elliptic void are: z^=z(2)={50, 25, 5, 2.5, 2.5}, where 
the first two parameters are co-ordinates of the ellipse center, next - two radii 
of the ellipse and the last one - the angle between the Xi axis and first radius. 
The actual crack parameters are: z^=z(l)={20, 30, 5, 0, 0.25} and are defined 
as for the ellipse. The identification task is to find a number of defects and 

their shape having displacements u(x,t) in 33 sensor points, shown in the 
Fig. 8. 




Figure 8. The 2D structure with an internal crack and void 

The structure is loaded by p(t)=posincot (po=40 kN/m, co=15708 rad/s) in 
time te [0, 600|ds] and has the following material properties: the Young 
modulus E = 0.2E12 Pa, the Poisson’s ratio V = 0.3 and the density p = 7800 
kg/m^. The multiple defect identification has been solved with the 
assumption, that the body contains: 2 defects, 1 defect or no defect. The 
chromosome consists of 10 genes, where first 5 parameterize the first ellipse, 
and last 5 the second ellipse. When one of the genes, which is an ellipse 
radius is less than rmin = 2rmn, the ellipse becomes a crack, when the both 
radii are less than r„in the ellipse disappears. The population contains 2000 
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chromosomes. The tournament method of selection was used. The solution 
was obtained for the case with no noise in a 100 generations and for noisy 
data of displacements in 120 generation. The fitness function (3) was 
evaluated using the boundary element method. Fig. 9 presents the best 
solution of the first and the last generation. 




b) 



:c). 



<a> 



Figure 9. Results of defect identification : a) 1st generation, b) 100th generation, c) 120th 

generation (noisy data) 



6.2 Tumor identification 

The surface skin tissue temperatures called “measured” are obtained using 
numerical simulation for the actual shape and position of the tumor. 

The domain of the biological tissue of dimensions 30x30 [mm] with a 
tumor is considered. The tissue properties used in numerical examples are 
following: thermal conductivity T=0.75 [W/mK], heat generation for healthy 
tissue g/=420 [W/m^], heat generation for tissue with a tumor ^2=4200 
[W/m^]. 

The sensor points are distributed on the top boundary of the tissue as 
shown in the Fig. 10. The temperature equal to 37 [°C] is applied at the 
bottom boundary of the tissue, the rest of the boundary is isolated (heat flux 
equal to zero). The tumor was modelled using NURBS curves with 4 control 
points. Coordinates of every control point related to ‘centre’ of the NURBS, 
and position of this ‘centre’ are design variables. 10 design variables and 31 
sensor points were used. 
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Figure 10. Geometry parametrization of the tumor by means of NURBS 

The test shape of the actual tumor is presented in Fig. 11a and the best 
position and shape detected by the evolutionary algorithm is shown in Fig. 
1 lb. The black area means the tumor. The skin temperature distributions for 
the actual and found tumor positions are shown in Fig. 12. The temperature 
fields for the actual and found tumor are presented in Fig. 13. 





Figure 11. Finite element model of the tissue with a tumor, a) actual position of the tumor, b) 
the best shape and position of the tumor in the 1 7 1 st generation 




0 5 10 15 20 25 x1 [mm] 



- - - found actual tumor 



Figure 12. Skin surface temperature distribution 
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Figure 13. Temperature distribution in the tissue: a) with actual tumor, b) with the found 

tumor 



Table 1. Comparison of design variable (gene) values 



design variable 
(gene) 


actual 

value 


found 

value 


error % 


X 


10 


10.97 


9.70 


y 


20 


19.66 


1.70 


Plx 


-4 


-3.95 


1.25 


Ply 


6 


6.92 


15.33 


P2X 


6 


5.10 


15.00 


P2y 


3 


2.40 


20.00 


Plx 


5 


6.36 


27.20 


P3y 


-5 


-1.00 


80.00 


P*X 


-4 


-6.80 


70.00 


Prv 


-8 


-8.39 


4.87 



Numerical results presented in Table 1 show that the application of the 
evolutionary algorithm in position and shape identification of tissue 
anomalies is not very accurate due to a non-unique problem, but region near 
actual tumor was found. 



7. CONCLUSIONS 

The paper deals with the applications of evolutionary algorithms to solve 
inverse problems in mechanics. The main subject is the formulation of 
identification problems in which one should find different kinds of defects as 
voids or cracks in mechanical systems or anomalies in the form of cancer 
tissue in biological systems having measured displacement and temperature 
fields. Using evolutionary algorithms and BEM or FEM it is possible to 
detect the number of defects, kinds of defects and their shape and position. 
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This paper is the first attempt of the application of evolutionary 
computation and the finite element method to the identification of the shape 
and position of the tumor in the biological tissue based on measurements of 
the temperature filed on the skin surface. Variations of the temperature field 
caused by the tumor are very small and therefore the inverse problem is very 
delicate. 
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HANG-GLIDER WING DESIGN BY GENETIC 
OPTIMIZATION 
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Departement of Aerospace Engineering, Polytechnic of Turin, 10129 Turin, Italy 



Abstract: A constrained multiobjective optimization code, based on genetic algorithms, 

was applied to improve the aerodynamic performance of a commercial hang- 
glider wing in some points of the hodograph starting from the shape of an 
existing vehicle. In particular, the optimization process was aimed to 
maximize the efficiency at trim speed and to minimize the stall speed. 
Constraints were imposed on the desired lift and on the characteristics of the 
longitudinal static stability. Results, in terms of Pareto front approximation 
and in terms of improvements of the performance of the base wing, are 
presented and discussed. Even if the work has to be considered only the first 
step of a totally automated, numerical design approach of a hang-glider wing, 
obtained results demonstrate how few hours of computation can successfully 
substitute years of trials and errors. 

Keywords: genetic algorithm, multi-objective optimization, constrained optimization, 

wing design. 



1. INTRODUCTION 

In recent years the use of aeronautical light vehicles such as hang-gliders 
and para-gliders increased extensively, with significant improvements, in 
particular in terms of efficiency. For hang-gliders this evolution, carried out 
hy means of a trial and error design methodology, led to the adoption of a 
rigid wing instead of the old flexible configuration. For rigid hang-gliders 
the same numerical aerodynamic design techniques used for aircraft 
subsonic wings can be applied. 

Aerodynamic shape optimization is a complex and numerically intense 
task even if approximate, and relatively simple, models are adopted. Usually 
multimodality and roughness of the objective functions prevent the use of 
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traditional, deterministic methods. 

The last decade has seen an ever increasing interest in numerical 
treatment of complex systems by means of methodologies based on 
statistical analysis and random number generation. Since no analytical 
information is required, these methods, allow the treatment of those systems 
described by multimodal and/or irregular models, at the expense of an 
increased computational time. Moreover a true multi-objective optimization 
can be performed. 

Preliminary results showed that a classical optimization technique could 
be able to find good geometries improving the efficiency of the wing, but the 
same technique gets stuck on a local stationary point when is used to 
improve stall characteristics of the wing. As a consequence, if a bi-objective 
optimization is carried out by weighted sum of the objectives, changing the 
weights cannot prevent finding a sub-optimal Pareto front. 

In this work an optimization tool based on Genetic Algorithms (GAs) [1] 
was applied to the three-dimensional (3D) aerodynamic multi-objective 
optimization of a rigid hang-glider wing. 

A brief introduction on the general multi-objective and constrained 
problem is followed by a description of the main features of our GA. In 
section 3 the algorithm structure and the practical implementation are 
discussed. In section 4 the wing model is briefly described, and results of the 
optimization process are given. A final section of concluding remarks 
summarizes the present work and indicates future developments. 



2. PROBLEM STATEMENT 



The problem that we are going to solve can be defined as follows: given 
N functions fi(x), the point 

X* =(x*,X2,....,x*)e (1) 



is a solution of the multi-objective constrained maximization problem if 
there are no points xe F that satisfy the logical condition 

((V/ :/;.>/;) A (3/ ;/,>/;.’)) (2) 

S is the subset of R" where optimal solutions are searched for. In most 
cases it can be defined by simple inequalities 



min 



^ ^ max 

<X: <X: 



y/ =!,....,« 



( 3 ) 
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while the region E is the subset of S where the inequality constraints on the 
solution: 

g^(x)<0 yk = \,....,m (4) 

are satisfied. 

The formulation of the maximum problem with the so called Pareto 
criterion not only allows the determination of the absolute maxima of the 
function fi, but points out at the same time the best compromises between the 
different objectives of the maximization procedure. 



3. ALGORITHM STRUCTURE 

In this paper a constrained, real-coded Genetic Algorithm, with elitism is 
used. The algorithm structure, and the adopted techniques are summarized in 
this paragraph. 

3.1 Selection 

The evaluation of the fitness parameter is based on a method for 
classifying the whole population, which favors the most isolated individuals 
in the objective function space in the first sub-class (highest dominance) of 
the first class (best suited with respect to problem constraints). 

Once classified, the individuals are chosen for mating and mutation 
phases adopting the remainder stochastic sampling without replacement [1]. 

3.1.1 Constraint parameter 

The first step in the evaluation of the fitness parameter is given by the 
determination of the degree of compatibility of each individual with the 
problem constraints. This compatibility is measured by the constraint 
parameter 



cp(x) = 









(p>0) 



( 5 ) 



where 
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f 

(x)=max 

V 



gki^) 

max 

gk 



.ol 



j 



( 6 ) 



with gk““ > 0. In our application p = 1 is always used. 

The value of the different constraints is scaled so as to give the same 
weight to all the constraints in the evaluation of the eonstraint parameter. 
Onee the cp is evaluated for all the individuals, the population is divided in a 
predetermined number of classes, 1 + Udass- The individuals that satisfy all 
the eonstraints {cp = 0) are in the first class. The remainder of the population 
is divided equally in the remainder groups, the second class being formed by 
those with the lower values of the constraint parameter and the last one by 
those with the higher values. In this way there is no need for a priori 
assignation of class boundaries. 

3.1.2 Pareto criterion 



The Pareto criterion is the basis for classifying the individuals of eaeh 
elass into sub-classes, and in the present work this is done by using the 
nondominated sorting methods as described in [2]. 

On one side the eonstraint parameters pushes the population toward the 
subset F of the search space S where all the eonstraints are satisfied. On the 
other side the dominance eriterion pushes the evolution towards the Pareto 
front, determined by the non-dominated individuals of F. 

3.1.3 Niche parameter 

The last criterion for classifying the population is introduced in order to 
obtain a uniform distribution along the Pareto front, pushing the individuals 
towards the less crowded areas of the objeetive function space [2]. 

A more isolated individual is characterized by a lower value of the niche 
parameter and will get a higher rank among the other members of its 
subclass. 

The ehoice is between penalizing those individuals with many copies or 
very near individuals in the objeetive funetion spaee, or favouring isolated 
individuals. In the absence of clear instruetions on how assigning the niehe 
parameter, the adopted value is that giving better results on test cases. 

3.2 Matings and Mutations 

The selected individuals are paired off with crossover probability, p cross- 
A prescribed fraetion of the so selected individuals undergoes the 
reproduction process with a mate randomly chosen among the other selected 
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individuals, whereas the remaining part mates with individuals similar in 
terms of distance in variables space. This restriction of mating allows for a 
survival of the species because we obtain less lethal individuals [3], even if 
the mating with different individuals (hybridization) is essential for spanning 
the whole search space S, otherwise the evolution process can slow down, or 
can be stopped or simply not able to reach the entire Pareto front. 

In order to prevent, or at least to reduce, the risk of losing good solutions, 
a simple form of elitism was introduced. The adopted technique can be 
described as follows: in the best constraints class, the current local front is 
divided in a predefined number of sections, and for each section non- 
dominated individuals that locally maximize the objective functions are 
marked. This mark guarantees that: a) crossover between two marked 
individuals is prevented, b) when a marked individual mates with a normal 
one, after the crossover the marked individual is preserved and one of the 
products is randomly chosen, c) mutation is not used on marked individuals. 

Reproduction is based on the classical crossover with one or two cuts 
adapted to the real coded formulation, which acts in accordance with the 
following rule: once selected, two mating individuals interchange elements 
of X in the same way of the well known binary two-cuts crossover, but two 
of the elements, randomly chosen, are sampled from normal random 
distribution with mean equal to the old elements values and with variance 
imposed in order to have probability 0.8 to sample no more distant than 0.1 
of the maximum range. 

A mutation operator, which varies the gene sampling from a uniform 
random distribution centered in its previous value, is also introduced for 
enhancing diversification. Each parameter has probability pmut being varied 
in accordance with the rule: 

x"™ =Xj + {rand • 2 - 1) • mrmut ■ - x™” ) (7) 

where rand is a random number sampled from an uniform probability 
density function between 0 and 1 (0 < rand < 1), and mrmut is the maximum 
allowed variation (usually 0 < mrmut < 0.5). 

After the crossover and the mutation routine a control function verifies 
whether or not the sampling procedures give elements that exceed the limits 
prescribed by eq. (3). When a variable fall outside the allowable range, its 
value is brought back to the nearest limit. 

3.3 Convergence criterion 

Finding an optimal convergence eriterion that could be adopted for a 
generic optimization process, that is finding a eonvergence criterion that 
guaranties an optimal approximation of Pareto front (efficaey) and requires a 
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number of objective function evaluations as low as possible (efficiency), is 
still an open question. 

For this problem, in order to limit the computational efforts and, in the 
same time, to obtain clear instructions on how to change geometries of the 
base wing, the maximum generation number criterion is used. 



4. WING SHAPE OPTIMIZATION 

The optimization algorithm was implemented so as to optimize the wing 
shape of a commercial hang-glider, with prescribed constraints. 

4.1 Wing Aerodynamics and Stability 

The aerodynamic characteristics of the wings are evaluated from the 
implementation of a modified version of the Prandtl model [4], that provides 
aerodynamic performance of a wing, flying at low speeds, in terms of 
dimensionless coefficients (lift, drag, and pitching moment) on the basis of 
the knowledge of airfoils characteristics. Comparison with experimental test 
cases data showed a good correspondence in the linear field and minor errors 
in the stall range. 




Figure 1. Longitudinal model of the hang-glider 

In the present case, the aerodynamic characteristics (in terms of lift, drag, 
and pitch moment coefficients as a function of angle of attack and Reynolds 
number) of 5 sections along the semi-wingspan, were used to obtain Clw, 
Cdw and Cmw as a function of i) the angle of attack of the central section, a, 
ii) wing geometry, and iii) airfoils characteristics. The aerodynamic 
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reference point {arp) is located at 25% of the central section chord, as 
predicated in fig. 1, where the geometry mass and load distribution of the 
system are also reported. 

In order to estimate stability properties, a simple model of the 
longitudinal characteristics of a hang-glider vehicle (wing + pilot) is adopted 
[5]. Under the main simplification of assuming the pilot as a point mass with 
fixed drag coefficient, the model gives, in particular, the value of the control 
angle, S, that allows to trim the vehicle, and the Cmu coefficient, the value of 
which provides the required information on the longitudinal stability of 
vehicle. 



4.2 Wing Optimization Statement 

Far from being a complete and exhaustive treatment, important aspects in 
a hang-glider design are the efficiency at maximum speed, the efficiency at 
the trim speed (usually the cruise speed) and the minimum speed (or stall 
speed). A low minimum speed is desirable in the take-off and landing 
phases, while during the flight what is important is the efficiency. 
Preliminary results showed that if structural effects are not taken into 
account, geometries maximizing the efficiency at the trim speed are much 
similar to those ones maximizing the efficiency at the maximum speed. 

In this optic, the optimization process is aimed at determining the wing 
shape in terms of chord and twist, sweep and dihedral angles distribution that 
maximizes the aerodynamic efficiency at desired trim speed and the function 
16-Vs (where Vs is the stall speed). Obtained solutions have to meet 
requirements in terms of generated lift, i.e. wings have to generate 
aerodynamic forces allowing the glide, and in terms of stability 
characteristics, i.e. vehicles should flight in stable conditions. 

Design variables that parameterize the wing shape are scale factors (s.f.) 
between some characteristics of the original, already flying, shape and fhe 
new ones explored by genefic search. Lef Sa ans st the s.f linked to 
contiguous sections a and b, respectively, then the geometric characteristic 
(such as chord, longitudinal position, etc.) of the explored wing is 



■/ A 


“ 


yb~ya 




_V ^b~^a y 


1 



( 8 ) 



where is the characteristic of the base wing, and and y* are the y 
positions of sections a and b respectively. 

This kind of parameterization has been used in order to avoid, or at least 
to limit, unfeasible configurations. An a priori analysis allowed reducing the 
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parameter number to 11. Additional genes allow the choiee of free flight 
conditions such as incidence and speed. 



Table 1. Problem variables 



Variable 


Meaning 


Range 


1 


S.f. of chord of external section 


0.8 <xi < 1.2 


2 


S.f of longitudinal position of external section 


0.8<X2< 1.2 


3 


S.f of vertical position of external section 


0.8<X3< 1.2 


4 


S.f of twist angle of external section 


0.8<X4< 1.2 


5 


S.f of section chord at 52% of the semi wing span 


0.8<X5< 1.2 


6 


S.f of longitudinal section position at 52% of the semi wing 
span 


0.8<xg< 1.2 


7 


S.f of vertical section position at 58% of the semi wing span 


0.8<X7< 1.2 


8 


S.f of the section at 25% of the semi wing span 


0.8<xg< 1.2 


9 


S.f of chord of the central section 


0.8<X9< 1.2 


10 


S.f of longitudinal section position at 5% of the semi wing span 


0.8 <Xio< 1.2 


11 


S.f of vertical section position at 5% of the semi wing span 


0.8 < Xu < 1.2 


12 


Geometric incidence at trim speed [deg] 


4 < Xi2 < 15 


13 


Geometric incidence at minimum speed [deg] 


14<Xi3<22 


14 


Minimum speed [m/s] 


6 < Xj4 < 12 



The meaning of genes is given in table 1 , where longitudinal and vertieal 
seetion position respectively mean x and z eoordinates of the quarter point of 
the chord section in a system centered in the arp (fig. 1). Allowing scale 
factors from 0.8 to 1.2 means allowing a variation in the range +20% of the 
base geometries (if we impose every s.f to 1, we obtain the original wing). 
Bounds of X 12 , X 13 and x^ are imposed in order to give sufficient margins of 
search. 

Parameters that could affect results, but are maintained constant for 
simplicity, are; 

- wing span, 10.4 m; 

- dimension of the A-frame normal to the keel, 1.4 m; 

- hang strap length, 1.1m; 

A-frame longitudinal location and hang-point are determined, by means 
of an iterative procedure, in order to obtain null eontrol force at 15 m/s (trim 
speed) for eaeh individual. These values are maintained constant when 
minimum speed conditions are evaluated, with the only consideration that 
distance between the two points is usually 0.1-^0.2 m. Longitudinal position 
of the wing center of gravity (CGw) is updated for the new wing planform 
configuration by analogy with the base shape (simplified approach). 

On the basis of what reported in sec. 3.1.1, the constraint functions were 
assigned as follows: 



des 



-£ 



gi(x)= L-L, 



for V = l5ml s 



( 9 ) 
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giiN) = \L-Ljes\-^ 


for 


V = v, 


(10) 




for 


V = l5ml s 


(11) 


g^{x) = Cj^^ 


for 


II 


(12) 


where L is calculated lift and L 


'des IS 


the desired lift, 1300 N, resulting from 



the sum of assumed wing and pilot weights, respectively 350 and 950 N, 
with £ imposed as 10 N to obtained individuals with a lift error smaller than 
1%. CMamust be negative to guarantee the vehicle stability. 

In table 2 values of optimization algorithm parameters used for this case 
are shown. 



Table 2. Genetic Algorithm Parameters 

Parameters Value 

Degrees of Freedom (n) 14 

Number of individuals (Ni„j) 100 

Niche radius 0.1 

Fitness scaling coefficient 1.6 

Number of hybridating individuals 30 

Crossover probability (Pcross) 0.85 

Mutation probability (Pmut) 0.15 

Maximum range of variation of the operator mutation (mrmut) 0.02 

Constraint classes (ndass) 3 



4.3 Wing Optimization Results 

Figure 2 shows the feasible solutions reached after 100 generations. 45% 
of the whole population satisfies the constraints. Although solutions are not 
uniformly spread and a refinement by classical methods could give some 
wing with slightly better performance, since obtained results give enough 
information about how base-line geometries can be changed in order to 
improve performance, we can consider the task accomplished. Moreover, 
refinement of some solutions would increase considerably the amount of the 
needed computation. 

It can be observed that individuals are distributed in the range from 17 to 
24 for the efficiency and in the range 7.4 8.2 m/s for the second objective 

function, that corresponds to a stall speed between 7.8 and 8.6 m/s. 

All the solutions appear physically feasible, although solutions 
minimizing the stall speed with low efficiency (less than 20) are of minor 
practical interest, because of a high reduction of performance in terms of 
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efficiency at the trim speed with a small improvement in terms of stall speed. 
Furthermore, this kind of individuals has a negative sweep angle that could 
be problematic in phase of construction (fig. 3). The negative sweep angle 
disappears when solutions on the right side of the front are considered. 
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Function 1: Maximum Efficiency at Trim Speed 



Figure 2. Feasible solutions after 100 generations 



Planform Shape — Optimal Shape 




Wing Span [m] 



Figure 3. Plan form shape that minimize the stall speed 

From a practical point of view, solutions maximizing the efficiency are 
more attractive, first of all because a loss in terms of stall speed results in a 
much better compromise with extremely higher efficiency at trim speed. 
Moreover, as it is evident in figure 4, where the plan form shape of the 
individual maximizing the efficiency at trim speed is represented, resulting 
wing shapes are similar to those of modem rigid wing hang-gliders, for 
which manufacturers claim to have 19-^20 of efficiency at trim speed. 
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It must be noted that the validity of the proposed configuration is limited 
inasmuch as the performance analysis does not take into consideration the 
effect configuration on the hang-glider structure and only low speed regime 
is considered (stall speed and V = 15 m/s). 



Planform Shape — Optimal Shape 




Wing Span [m] 



Figure 4. Plan form shape that maximize Efficiency at trim speed 



5. CONCLUSIONS 

The multi-objective optimization of a rigid hang-glider wing has been 
performed using a real coded genetic algorithm. The optimization process 
was aimed to improve some aerodynamic characteristics of an existing hang- 
glider wing, such as the efficiency (maximization) at the trim speed and the 
stall speed (minimization), with constraints on the generated lift and on the 
longitudinal stability of the whole vehicle. 

Even if the work is far from being a complete design process, it 
demonstrates that recent evolutionary algorithms can be suitable tools for the 
optimization of a hang-glider wing. In the reported case an old wing shape 
has been improved obtaining performance comparable to those of modem 
rigid wing after only few hours of computational time. 

One of the main limitations of obtained results is the absence of a 
stmctural model into the formulation of the optimization problem. In this 
optic future works will be aimed at the implementation of a more complex 
and complete formulation that includes stmctural analysis (even simplified) 
as well as more accurate stability analysis (longitudinal and lateral- 
directional). 

Moreover, the technique of niching is borrowed from a first generation 
Pareto technique and its limits are denounced in literature and highlighted by 
achieved results. A solution of this problem could be the adoption of 
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different techniques, such as crowding and elitism techniques recently 
proposed in [6]. 

Furthermore, at this point, how and how much the variables of the 
problem are interconnected is not perfectly known. If the level of 
interconnection were high, a normal genetic algorithm would give only sub- 
optimal solutions (even if better of that obtained by classical methods). In 
this case a more efficacious approach could be by means of new different 
evolutionary methods, such as Estimation of Distribution Algorithms [7]. 
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AN ERROR FUNCTION FOR OPTIMUM 
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Abstract: In this paper an error function for optimum dimensional synthesis of 

mechanisms using genetic algorithms is presented. This function is general for 
its use with any mechanism with R and P joints. This minimization function is 
established as the quadratic addition of the minimum linear or angular distance 
to the s5mthesis positions which can be achieved by the mechanism. To get this 
distance, a non-linear function must be iteratively solved, leading to a high 
computational cost function. In order to reduce the computational cost, 
variable complexity functions techniques can be applied. Solutions obtained 
with this genetic algorithm are a good starting point for further numerical 
optimization methods. 

Keywords: multibody synthesis, genetic algorithms, optimization, mechanism, 

dimensional synthesis. 



1. INTRODUCTION 

In the development of the kinematic synthesis of mechanisms, two 
different steps are to be addressed: 

- Topology synthesis: it deals with the selection of the types of elements 
which are to be used in the mechanism and its configuration. 

- Dimensional synthesis. 

Dimensional synthesis of mechanisms deals with the problem of defining 
the dimensions of the elements of a mechanism in order to verify some 
restrictions. These restrictions can be summarized in the following points: 
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- Path generation: A point of the mechanism generates a path defined by 
some control points. 

- Rigid body guidance: The mechanism is able to guide a solid attached in 
some way to it. 

- Function generation: The position of an element is a given function of the 
position of an input link. 

- Mixed: the combination of one or more of the previous ones. 

This problem has been approached in several ways. 

- Graphical methods: Applieable to four-bar mechanisms with a low 
number of synthesis positions. 

- Analytical Methods: Only applicable to simple mechanisms with a 
limited number of restrictions that must all be verified. 

- Numerical methods: these methods are quite useful to improve a 
previously dimensioned mechanism in such a way that the verification of 
the imposed restrictions can be optimized. These lead to a good solution, 
provided that they start from a good initial mechanism. Restrictions are 
minimized, so that an unlimited number of restrictions can be introduced 
[1,2,3]. 

- Other methods: Some other methods to solve this problem have been 
proposed. Some of them for specific mechanisms, and others based on 
mechanism path databases[4,5] and selection, or neural networks [6]. 

The work presented in this paper tries to solve the above problem by 

using a new approach, taking advantage of the use of genetic algorithms. 

These are chosen because of the beneficial characteristics that they show: 

- They work with a population of solutions. So a good exploration of the 
synthesis space can be made and among the solutions obtained, the user 
can choose one taking into account criteria not included in the error 
function. 

- Synthesis space can be easily defined. Therefore, keypoints as fixed 
points can be limited to a space defined by the geometry of a real frame, 
for example. 

- Possibility of hybridation: the introduetion a numerical method in the 
genetic algorithm can be considered. 

Mechanism synthesis is a complicated problem, thus leading to a high 

computational cost. The use of a variable complexity function technique can 

effectively reduce this computational cost making genetic algorithms an 

affordable tool for the effective dimensional synthesis of mechanisms. 
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2 . 



PROBLEM FORMULATION 



Previous work made by this group was focused on the use of numerical 
methods for both the kinematic analysis (speed, acceleration, and position 
problems including deformed position problems) and the synthesis. This 
work [1,2] led to a compact formulation suitable for solving the whole 
kinematic problem with a unified formulation. It also became a useful tool 
for mechanism synthesis, solving any of the possible problems, provided that 
a good starting point was given. This formulation showed strong stability 
and fast convergence with any kind of mechanism with R-joints, but also 
showed some convergence problems with P-joints. The formulation of the 
problem is quite simple, it relies upon the minimization of the deformation 
energy of the mechanism when its elements are assumed to be linear-elastic 
deformable with finite stiffness. 



Figure 1. Deformed position problem. A: Initial position B: deformed position C: deformed 

position & iterations 

For this deformable mechanism, when a restriction is imposed, the 
minimization leads to the initial position if the restrictions are obtainable 
without deformation, or to the deformed position if restrictions are not 
reachable without deformation. Therefore the function to minimize is (1). 



Using a Newton approach, minimization leads to an iterative expression 
(2) (see [2]) 





h 



( 1 ) 



(W-k})=[ff({x})]({x}-{x„}) 




( 2 ) 
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In order to introduce P-joint restrictions, a kinematic restriction was 
proposed, leading to some problems to achieve convergence. To solve those 
problems, another approach can be used, based on assigning linear elastic 
behavior also to the P-joint. Thus, an extended expression of the energy of 
deformation can be derived (3). 



(p{{x}) = 






■Ef + YyYqMjf 






( 3 ) 



This minimization leads also to an expression similar to (2). This 
approach solves the convergence problems shown by using kinematic 
restrictions. 

This error function has been successfully used for the optimum synthesis 
of mechanisms with a second order Newton minimization, only if a good 
starting mechanism is provided. For other mechanisms, which are far from a 
good solution, this type of model does not accurately represent their quality 
since in some cases, even for those mechanisms characterised by a low 
quality, the error may be too low. All of this invalidates the use of this 
function in genetic algorithms. 

The here proposed error function calculates the quadratic addition of the 
minimum linear or angular distance to the synthesis positions which can be 
achieved by the mechanism. 




Figure 2. Minimum distance problem. A: Initial position. B: Solution. C: Real path described 

In Figure 2 this error function is described for a synthesis point. The 
objective is the path described by node H verifies the point described with a 
cross. The minimum distance point is shown in Figure 2B. The path 
described by the mechanism is in Figure 2C. 

In order to calculate these minimum distance positions, two different 
approaches can be used. The easiest one is to create a new mechanism by 
combination of the original mechanism and some fictitious elements related 
to the imposed constraint. These elements are given a stiffness 
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comparatively small related to that of the original elements, thus being 
deformation of original elements much smaller than that of the fictitious 
ones. In the example shown in Figure 2 the fictitious bar would be a cero 
length bar that links node FI with its target point, marked with a cross. 

A more rigorous approach can be the use of Lagrange multipliers, 
minimizing the distance and using the fixed length of the trusses of the 
mechanism as restrictions (see [2]). 

The second approach, even though it is more rigorous, has some 
problems of convergence when the initial position is far from the final 
solution. As a solid function is needed for genetic algorithms, the first 
simplification must be used, or at least a combination of both methods, in 
order to give Lagrange multipliers a good starting point. 

Currently the first approach is used to test validity of genetic algorithms 
in solving this problem. The second approach will be used lately for 
improving the performance of the algorithm only if the first approach has 
been successful. 



3. OBTAINED RESULTS 

In order to check the efficiency of the method, a set of experiments has 
been developed for a particular problem. This problem is the generation of a 
L-shaped path with a simple mechanism (a four bar mechanism). 

Experimentation has been developed with a sensitivity analysis of 3 
genetic algorithm parameters, with a total of 8 variable combination. Each 
combination has been repeated 10 times in order to check consistency. All 
parameters have been selected in the neighborhood of those obtained with a 
previous experimentation done with a similar error function. The parameters 
have been checked at 2 levels, being the following: 

- Population size: 100/1000 individuals 

- Mutation tax: 0,01/0,001 

- Crossover tax: 0,5/0,65 

Non studied selected parameters: 

- Selection operator: Tourney 

- Crossover type: two point 

- Population replacement: generational 

- Elitism: none 

- Convergence criteria: no best value change in 1 0 generations 

- Genome codification: BCD (Gray) 

The problem to optimise is the synthesis of a four bar mechanism 
verifying the path described by the points indicated in Table 1. 
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Table 1. Path points coordinates 


25.0 


15.0 


27.5 


15.0 


30.0 


15.0 


32.5 


15.0 


35.0 


15.0 


35.0 


17.5 


35.0 


20.0 


35.0 


22.5 


35.0 


25.0 


35.0 


27.5 



As ten points are given, there is no exact solution for this problem, so the 
aim is to obtain a path as close as possible to that defined by those points. In 
order to define the search space, node codification has been limited to points 
in interval X [-200,200] Y [-200.200]. The resolution chosen is 20 bits per 
value. Results of the tests are shown in Table 1. 



Table 2. Results of the tests 



Population 


100 








1000 








Mutation Tax 


0.01 




0.001 




0.01 




0.001 




Crossover Tax 


0.5 


0.65 


0.5 


0.65 


0.5 


0.65 


0.5 


0.65 


Best individual 


11.32 


12.11 


18.17 


19.31 


5.35 


5.24 


8.53 


7.18 


(average of 10 
executions) 
Best individual 


4.26 


4.58 


13.06 


6.89 


3.32 


3.02 


3.02 


4.34 


(absolute) 
Iteration Number 


290.9 


737.8 


301.5 


268.3 


200.8 


855.7 


225 


194.9 


(average of 10 

executions) 

Number of 

executions 

without 

convergence 


0 


4 


1 


0 


0 


7 


0 


0 



The best average results are between 20 and 5, it seems to be a small 
quantity, but actually there is a noticeable difference of quality in those 
results. Since the error function measures the quadratic addition of minimum 
distances from the real achievable path of the mechanism to the synthesis 
points, a value of around 20 indicates that the mechanism has only some 
points of its path close to some of the points of synthesis. As an example, in 
Figure 3,4,5, 6 some results are shown. 
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Figure 3. Obtained path for a mechanism yielding a fitness of 3 1 .45 and detail 




Figure 4. Obtained path for a mechanism yielding a fitness of 20.02 and detail 
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fitness of 10.68 and detail 




Figure 6. Obtained path for a mechanism yielding a fitness of 3.23 and detail 

As it is shown, the quality difference between mechanisms yielding a 
fitness value of about 5 and of about 30 is noticeable. It can also be said that 
the funetion delivers results with a good relationship with the real quality of 
the generated mechanism. 

As it is shown in table 1, with low values of population size, genetic 
algorithm does not give a good result, being this trend independent upon the 
mutation tax or the erossover rate. 

An increase of mutation tax also leads to a increase in the quality of 
average solution. This ean imply that exploration is of high importance in 
this problem, but there is also an increase in the number of generations with 
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this increment in the mutation rate. This side effect can also contribute to the 
increase of the quality. In this case, convergence criterium should be 
changed. 

Looking at the historical, evolution graphs built for the best individual 
history show too big oscillations with mutations of 0.01 and a very soft 
decrease of error with mutations of 0.001, the best results being probably 
between these values. 
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Figure 7. Evolution history for the best individual for evolutions with mutation rates of 0.001 

and 0.1 





In order to check the efficiency of the genetic algorithm, it has also been 
compared with a random search. This random search has been made with a 
search size of 1 000000 individuals, this search has always a bigger cost than 
the most expensive of the tested genetic algorithm executions, and yielded a 
best individual with a fitness of 1 1.82, far from the worst individual obtained 
with the genetic algorithm with the combination of parameters that yielded 
the best results. 



4. CONCLUDING REMARKS AND FUTURE WORK 

A new approach for the dimensional synthesis of mechanisms has been 
developed based on genetic algorithms. This approach has shown good 
behavior in solving complex synthesis problems, while introducing some 
advantages such as easy limitation of the design space or multiplicity of 
solutions. 

In order to check the results obtained, a program (Mecano) has been 
developed, this program solves both initial and deformed positions and also 
generates paths for any mechanism with both R and P joints. 

A genetic algorithms program has also been developed, based on David 
Levine’s PGAPack and the error function proposed here. This 
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implementation also ineludes a modification for its use with variable 
complexity function techniques, which reduce computational cost of the 
problem. 

The error function has shown good behavior when using gray code for its 
codification. Absolute coordinates for the nodes are coded, so that both 
dimensions and configuration are fully defined. Currently its behavior with 
different combinations of parameters is studied, and also different genoma 
codifications are to be tested. 

Some problems currently penalized in the error function shall also be 
approached in some other more efficient ways. 

Reduction of computational cost will be obtained by using Lagrange 
multipliers. 
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Abstract: The paper deals with the application of evolutionary algorithms (EA) 

and the boundary element method (BEM) in optimization and identi- 
hcation of elastic structures under thermomechanical loading. A shape 
optimization problem was solved for various thermomechanical criteria 
with upper bound on the volume of the structure. The identification 
of voids basing on the information about measured displacements and 
temperatures in boundary sensor points was also considered. This prob- 
lem was solved as well as for both ideal deterministic and randomly 
disturbed values of measured displacements and temperatures. Several 
tests and practical examples of optimization and identification were pre- 
sented. 



Keywords: thermoelastic problem, boundary element method, evolutionary algo- 
rithms, shape optimization, evolutionary optimization 

1. INTRODUCTION 

The solution of shape optimization problems as well as identifica- 
tion problems of structures being under the thermo - mechanical load- 
ing need a computational technique, which enables to solve the direct 
boundary - value problem of thermoelasticity in a very effective man- 
ner. The boundary element method occurs to be the numerical method 
which is very convenient for such problems. Coupling of the boundary 
element method with sensitivity analysis methods has enabled the solu- 
tions of various shape optimization problems of thermoelasticity. The 
main drawback of such approach is the fact that only a local optimal 
solution can be obtained. An alternative to an such approach is the 
coupling of the boundary element method with evolutionary algorithms. 
Applications of evolutionary algorithms in optimization problems give 
a great probability of finding the global optimal solution. The paper 
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deals with the application of evolutionary algorithms (EA)[9] and the 
boundary element method (BEM) [1] [2] in the optimization and identifi- 
cation of elastic structures under thermomechanical loading. This work 
is an extension of previous papers in which the coupling of EA and BEM 
has been used in the generalized shape optimization of elastic structures 
[5] , the optimization of cracked structures [3] , the shape optimization of 
elastoplastic structures [6] [7] and the identification of voids and cracks 
[4]. In order to solve the optimization and inverse problems the evo- 
lutionary algorithms are proposed. To minimize the number of design 
parameters the shape of the boundary is modelled by Bezier curves. 

2. EVOLUTIONARY OPTIMIZATION OF 
THERMOELASTIC STRUCTURES 

The evolutionary algorithm can be considered as the modified and 
generalized genetic algorithm in which population are coded by floating 
point reprezentation[9]. Fig.l shows the main steps of the evolutionary 
algorithm. The solution of this problem is given by the best chromosome 
whose genes represent design parameters responsible for the shape of 
the structure or parameters of the internal voids. The evolutionary 
algorithm starts with a population of chromosomes randomly generated 
from the feasible solution domain. 



START 




FINISH 



Figure 1. The evolutionary algorithm of the thermoelastic structures optimization. 
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Two kinds of mutation operators are applied: an uniform mutation 
and a boundary mutation. The operator of the uniform mutation re- 
places a gene of the chromosome with a new random value. The opera- 
tor of the boundary mutation is a special type of the uniform mutation. 
The gene after mutation receives one of the boundary value (left or 
right) with the same probability. The boundary mutation is very useful 
for problems in which the result of the solution is on the boundary or 
very near of the boundary. 

Three kinds of crossover operators are applied: a simple crossover, an 
arithmetical crossover and a heuristic crossover. Generally the crossovers 
combine the genetic material inside the population. The simple crossover 
creates a pair of offspring chromosomes depending on two parent chromo- 
somes. The offspring contains some genes from one and some from other 
parent. The operator of the arithmetic crossover creates two new chro- 
mosomes as a linear combination of parents chromosomes. The heuristic 
crossover uses values of the fitness function to create new chromosomes. 

The operator of the cloning increases the probability of surviving the 
best chromosome by duplicating this one to the next generation. The 
ranking selection allows chromosomes with the great value of the fitness 
function to survive. The first step of the ranking selection is sorting all 
the chromosomes according to the value of the fitness function. Then on 
the basis of the position in the population the probability of surviving 
is attributed to the every chromosome. 

3. EVALUATION OF THE FITNESS 
FUNCTION BY MEANS OF THE 
BOUNDARY ELEMENT METHOD 

3.1 Boundary element method in 
thermoelasticity problem 

In order to evaluate the fitness function one needs to solve the ther- 
moelasticity problem. One of the numerical method which enables find- 
ing the solutions is the boundary element method. It is assumed that 
uncoupled steady state thermoelasticity in which the strain field depends 
on the temperature field but temperature field does not depend on the 
strain field. 

Boundary integral equations for the BEM in thermoelasticity can be 
express as follows: 

CijUj + J p*jUjdT = J u*jPjdT + J uU j'yTdUl ( 1 ) 

r r o 
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where u is a field of boundary displacements, p is a field of tractions, 
u*j and p*j are fundamental solution of elastostatic problem. 

The domain integral which depends on temperature can be trans- 
formed into a boundary integral using the stress function introduced by 
Papkovich and Neuber. Then the domain integral has the form: 

B, = J P,TdT- J QiqdT (2) 

r r 

where Pi and Qi are are functions which depend on the dimension of 
the problem. 

In order to find the boundary temperature field T and its normal 
derivative q in expression (2) it is necessary to solve the boundary inte- 
gral equation for the heat conduction problem given by: 

cT = J T*qdT - J Q*TdT (3) 

r r 

where T* and Q* are fundamental solution of the heat conduction 
problem. 

The boundary integral equations (1) and (3) after discretization are 
transformed into algebraic equations: 

ST = Rq 

Hu = Gp + B ^ ’ 



where column matrices T, q, u and p contain boundary values of 
temperatures, heat fluxes, displacements and tractions. 

The column matrix B depends on the temperature and the heat flux 
on the boundary. Elements of matrices S, R, H and G can be obtained 
by evaluating boundary integrals. All unknowns in matrices can be 
passed to left-hand side and finally one obtains: 

KY = Q 
AX = F 



where A is a vector of unknowns u's and p's boundary values, T is a 
vector of unknowns T's and q's boundary values. F and Q are found by 
multiplying the corresponding columns by known values of u's, p's and 
T's, q's. 
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3.2 Optimization criteria 

In the case of the shape optimization problem two criteria are pro- 
posed: 

■ minimum global compliance of thermoelastic structures 

F = /(ip.„)<ir 

r 

where m is a field of boundary displacements, p is a field of tractions 

■ minimum equivalent stresses on the boundary 

F = /(^)"rfr (7) 

r 

where aeq are equivalent stresses on the bounary, uq is a reference 
stress and n is a natural number. 

For the identification of an unknown inner boundaries the sensor 
points on the external boundary were used. This problem is solved 
by minimization of the following functional: 

M N 

k=l 1=1 

where and are measured values of displacements and tempera- 
tures, and T* are computed values of displacements and temperatures 
in boundary points k and I respectively, 6 and rj are weight coefficients, 
M, N are numbers of sensors. 

Measured values are simulated numerically by solving the boundary 
value problem of thermoelasticity by the BEM for the actual position of 
internal voids. This problem has been solved for both ideal deterministic 
(no noise) and randomly disturbed (with noise) values of measured dis- 
placements and temperatures. For non ideal deterministic measured val- 
ues the Gaussian distribution was applied. The density function iV(^, a) 
is shown in Fig. 2, where q = oi q = TK 

The expected value /x is equal to the ideal deterministic value of mea- 
sured displacements or measured temperatures. The standard deviations 
is equal to ^ of the maximal error. The maximal error of measurement 
is 10 percent [8]. 
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Figure 2. The density function of the Gaussian distribution Ai(p, a). 



4 . NUMERICAL EXAMPLES 

2D structures modelled in plain strain state is considered. Table 1 
contains parameters of evolutionary algorithm and Table 2 contains ma- 
terial parameters applied for every numerical test. 



Table 1. Parameters of evolutionary algorithm 



Probability of uniform mutation 


0.03 


Probability of boundary mutation 


0.02 


Probability of simple crossover 


0.10 


Probability of arithmetical crossover 


0.10 


Probability of heuristic crossover 


0.10 


Probability of cloning 


0.03 


Selection coefficient 


0.2 



Table 2. Material parameters 



Shear modulus 


80 GPa 


Poisson ratio 


0.23 


Coefficient of thermal exp. 


12,5- 10“®;^ 



Example 1 

A shape optimization of the structure presented in Fig. 3(a) is con- 
sidered. Only the parts of the boundary, where temperature field 
and heat flux are prescribed, undergo the shape modification. The 
Bezier curves consist of 5 control points are used to model the optimized 
boundary. The method of the modeling of the optimized boundaries 
is presented in Fig. 3(b). The possible position of the control points of 
the Bezier curves are inside the dotted rectangles. For the sake of the 
symmetry total number of design parameters is equal to 11. 
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Figure 3. (a) A structure under thermomechanical loading, (b) Modelling of the 

optimized boundaries 

The objective of shape optimization is the minimization of boundary 
equivalent stresses (7) with imposed constrains on the upper bound of 
the volume of the structure. Table 3 contains values of the boundary 
conditions. The optimal shape of the structure for different values of the 
temperature is presented in Fig. 4 



Table 3. Values of the boundary conditions 



Number of chromosomes 


200 


Number of iterations 


500 


Number of design parameters 


11 




0 




0 


yD 


0°C; 50°C; 100°C; 200°C 


rpU 


0°C 




500kN/m 




Figure 4. Results for T? =; (a) 0°C, (b) 50°C, (c) lOO"^, (d) 200°C, 
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Example 2 

A square plate with circular voids is considered (Fig. 5). For the sake of 
the symmetry only a quarter of the structure is taken into consideration. 
Table 4 contains values of the boundary conditions. This example was 
solved for the following two cases: 

■ The optimal positions and radii of two internal voids were searched 

■ The positions, radii and number of the voids (form 1 to 5) were 
searched. 

The objective of the shape optimization is the minimization of the ra- 
dius displacement (6) on the boundary where traction are prescribed. 



Table 4- Values of the boundary conditions 



Number of chromosomes 


100 


Number of iterations 


200 


Number of design parameters 


3 or 5 




0 




0 


tT 


500°C 


ai 


imQW/m-‘K 


rpU 

^2 


10°C 


0l2 


lOOOlT/m^A' 


r? 


50°C 


QO 


2QWIm‘‘K 


q” 





, (b) ^°V//////////////////////////// 



Figure 5. (a) A square plate with circular void, (b) Boundary conditions for the 

structure 



EVOLUTIONARY COMPUTATION IN THERMOELASTIC... 



77 



The optimal position and size of the voids for the considered cases is 
presented in Fig. 6. Tables 5a and 5b contains parameters of the internal 
boundaries and values of the fitness function after optimization. 



Table 5a. Parameters of the voids Table 5h. Parameters of the voids and 

and value of the fitness function for value of the fitness function for change- 

constant number of the voids able number of the voids 



x\ coordinate 


12,02 


xi coordinate of the void 1 


13,80 


X 2 coordinate 


3,47 


X 2 coordinate of the void 1 


4,15 


radius 


1,89 


radius of the void 1 


0,97 


value of the fitness function 


1842,25 


xi = X 2 coordinate of void 2 


8,08 






radius of the void 2 


0,59 






value of the fitness function 


1102,58 





Figure 6. The results of the optimization for: (a) 2 internal voids, (b) changeable 
number of voids 



Example 3 

The structure with three internal voids, shown in the Fig. 7(a), was 
considered. The boundary conditions values and positions of the sensor 
points are shown in Fig. 7(b). The positions, radii and number of the 
voids (form 1 to 5) were searched. Table 6 contains the values of the 
boundary conditions. 

The numerical tests were performed for 3 cases with noise and for 
3 cases without noise: 

■ 30 temperature sensor points and 28 displacement sensor points, 

■ 58 temperature sensor - located in every sensor points. 
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Figure 1. (a) A structure with circular voids, (b) Boundary conditions for the 

structure 



Table 6. Values of the boundary conditions 



Number of chromosomes 


500 


Number of iterations 


300 


Number of design parameters 


15 


To 


100°C 


oto 


lOOOW/m^K 


Ti 


0°C 


Oil 


20Wlm^K 


T2 


20°C 


Po 


lOOM N / m 



■ 58 displacement sensor - located in every sensor points. 

Example results of identification without noise are shown in Fig. 8, 
and Fig. 9 contains numerical results of identification with noise for 3 
above cases. 
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Figure 8. Results of identification without noise: (a) 30 temperature sensor points 
and 28 displacement sensor points, (b) 58 temperature sensor points, (c) 58 displace- 
ment sensor points 
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Figure 9. Results of identification with noise: (a) 30 temperature sensor points 
and 28 displacement sensor points, (b) 58 temperature sensor points, (c) 58 displace- 
ment sensor points 



5. CONCLUDING REMARKS 

Coupling of the BEM and evolutionary computation is a very effi- 
cient approach to solving shape optimization and inverse thermoelastic 
problems. Using Bezier curves reduces the number of design parameters 
and decreases the time of computation. The application of evolution- 
ary algorithms increases the probability of finding the global solutions. 
In the case of use gradient methods based on sensitivity analysis find- 
ing the global solution depends on the starting point. The evolutionary 
algorithm performs multidirectional optimum searching by exchanging 
information between chromosomes and allows to survive best chromo- 
somes. One drawback of evolutionary methods is the time-consuming 
calculation. 

Preformed tests of identification show that having measured coupled 
fields of displacements and temperatures the evolutionary identification 
of voids is more effective than having only displacements or temperatures 
separately. 
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Abstract: In the paper an agent-based evolutionary approach to searching for a 

global solution in the Pareto sense to multiobjective optimisation is 
discussed. The main stress is put on problems of effective management 
of such a system. Management mechanisms based on closed circulation 
of life energy that sustain autonomy of agents and allow for control of the 
dynamics of agent population are proposed. Preliminary experimental 
results conclude the work. 

Keywords: evolutionary multi-objective optimisation, management of multi-agent 
systems 



1. INTRODUCTION 

A solution to a multiobjective optimisation problem (in the Pareto 
sense) means the determination of all nondominated alternatives from 
the set of possible (feasible) decision alternatives (options) defined by 
a system of inequalities (constraints) and equalities (bounds). Such al- 
ternatives create a set of continuum power called sometimes the Pareto 
frontier. In a general case effective approximation of the Pareto set is 
hard to obtain. For specific types of criteria and constraints (e.g. of lin- 
ear type) some methods are known, but even in low- dimensional cases 
they need much computational effort. Fortunately for many complex 
problems an evolutionary approach may be successfully applied [11]. 

For the last 20 years a variety of evolutionary multicriteria optimisa- 
tion techniques have been proposed [3, 4]. Early approaches have not 
used directly the information about domination relation between solu- 
tions. Conversely, in most recently presented methods some sort of rank- 
ing is used, reflecting the ’’degree” of domination of particular solutions. 
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This allows for better approximation of the Pareto set, especially when 
supported with some niching techniques (like fitness sharing) , which pre- 
vent genetic drift and enable sampling of the whole frontier. 

The proposed agent-based approach indirectly utilizes the information 
about domination via energetic punishment /reward mechanism, which 
allows for intensive exploration of the search space, and effective approx- 
imation of the whole Pareto set [7, 9]. Yet in such systems the problems 
of agent populations management become of vast importance. A typical 
parameter which must be considered in this context is the total number 
agents in population(s). Particularly, increasing the number of agents 
usually improves the ability of the system to perform its tasks, but at 
the same time may cause the whole system to work inefficiently (e.g. 
because of excessive load of executed actions) or even prove impractical 
in real applications. The problem is that because of assumed autonomy 
of agents direct control of the system seems impossible. In this situation 
only indirect mechanisms, based on analogies to (simulating) the ones 
from the real world (nature) may be applied [10]. 

The paper starts with a short characteristics of multi-agent systems 
dedicated for computational applications (section 2). Next (section 3) 
comes a short presentation of the idea of agent-based evolutionary com- 
putation and the biological-like mechanisms of management of evolving 
agent populations. Section 4 contains a description of EM AS for multi- 
objective optimisation. Experimental studies illustrating the proposed 
mechanisms of management are reported in section 5. 

2. MASS MULTI-AGENT SYSTEMS 

Recently an increasing attention is paid to hybrid soft computing 
systems, i.e. systems employing a variety of methodologies (e.g. neuro- 
fuzzy or fuzzy-genetic), which is possible because particular methods 
are complementary rather then competitive [1] . In this context the idea 
of an autonomous agent and agent-based system seems interesting and 
promising [8]. 

As it is commonly regarded, multi-agent systems are ideally suited 
to representing problems that have multiple problem solving methods, 
multiple perspectives or multiple problem solving entities [5, 12]. Rough 
analysis of the characteristics of MAS drives to the conclusion that it can 
be considered also as a means for modelling social behaviour or mech- 
anisms. Agents are forced to co-operate. They have to communicate 
in order to establish a common goal, plan their common activities and 
coordinate how a plan is realised. Moreover, there can exist no strict 
agreement with respect to it. Then, it is better to say that agents have 
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their private aims and organisation of the system (population of them) 
makes searching for private satisfaction a way the common goal to be 
fulfilled. 

Yet another term has to be recalled here - agent-based system. In 
principle, an agent-based system is conceptualised in terms of agents, 
but implemented even without any software structures corresponding to 
them. Such abstract MAS is suitable in applications that locate in the 
area of soft computing [10] . 

A multi-agent system consists of the set of agents (ag G Ag) and some 
environment (env) they live in: 

mas = (Ag,env) (1) 

The environment may have spatial structure and contain some informa- 
tion and/or resourees, which may be observed by agents. 

The functionality of i-th agent is defined by a set of aetions (act G 
Actj) it is able to perform, depending on its state (stat*): 

agi = (Acti,stati) (2) 

The action is an atomic (indivisible) activity, which may be executed by 
an agent in the system. 

Specifically, a mass multi-agent system consists of a relatively large 
number of often not so complicated agents [10]. Operation of mMAS is 
aimed at a well-defined goal, which emerges together with organisation 
among the agents as a result of performed actions. Because of both 
computational simplicity and a huge number of the agents, influence 
of the single agent’s behaviour on the overall system operation may be 
neglected. Although it is not required in general, agents of a mass system 
are often identical in the sense of an algorithm and built-in actions. To 
fulfil the characteristics of mass multi- agent systems, it is necessary to 
present basic mechanisms that can be incorporated in a system of that 
kind: 

Generation and removal of agents corresponds to a type of open 
multi-agent systems, in which a number of agents changes during 
operation. 

Information exchange among agents or between agents and the en- 
vironment (if such is implemented). 

Exchange of resources other than information is also possible. Re- 
sources may be associated with each action performed (necessary 
energy expenditure), or there may be actions intended to resource 
manipulation. 
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Migration of agents needs a structure embedded in the environment 
that reflects spatial phenomena of mMAS (e.g. a graph). 

Implementation of a mechanism means to equip agents with an ap- 
propriate set of actions and, if it is necessary, extend the environment 
with a corresponding feature or structure. In general realisation of each 
action changes not only the internal state of the acting agent but also 
states of the other agents and the state of the environment: 

act : mas ^ mas* (3) 

where mas* denotes a new state of the system (i.e. after the action act 
is performed). 

3. EVOLUTIONARY mMAS AND THE IDEA 
OF MANAGEMENT VIA LIFE ENERGY 

An evolutionary multi-agent system (EMAS) is a kind od mMAS, in 
which basic mechanisms depicted above are designed so that evolution- 
ary phenomena emerge at a population level [2, 8, 7]. This means that 
agents are able to reproduce (generate new agents) and may die (be 
eliminated from the system) realising the phenomena of inheritance and 
selection. Inheritance is to be accomplished by an appropriate definition 
of reproduction, which is similar to classical evolutionary algorithms. A 
set of parameters describing basic behaviour of an agent is encoded in its 
genotype, and is inherited from its parent (s) - with the use of mutation 
and recombination. 

The proposed principle of selection corresponds to its natural pro- 
totype and is based on the existence of non-renewable resource called 
life energy, which is gained and lost when agents execute actions. In- 
crease in energy may be considered a reward for ’good’ behaviour of 
an agent, decrease - a penalty for ’bad’ behaviour (of course which be- 
haviour is considered ’good’ or ’bad’ depends on the particular problem 
to be solved) . At the same time the level of energy determines actions an 
agent is able to execute. In particular, low energy level should increase 
possibility of death and high energy level should increase possibility of 
reproduction. 

Considering its computational properties EMAS may be regarded as 
a new search and optimisation technique utilising a decentralised model 
of evolution (its more detailed description may be found e.g. in [6]). 

The key idea of the described mechanisms of management is to make 
EMAS flexible with respect to the number of agents so that the popula- 
tion would be limited but could automatically grow when it is necessary. 
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Automatically means releasing a user from direct management of the 
course of computation [10] . 

The mechanism is built as follows: life energy eng is distinguished as 
one of the components of stat — the state of an agent: 

stat = (x, eng) (4) 

The rest of components represent the problem to be solved by the sys- 
tem as well as the behaviour of an agent. At the beginning of EMAS 
run each agent is given the same amount of energy engag(O) = engg > 0. 
Next, energy is gained or lost when agents execute actions. Core ac- 
tions of generation and removal of agents mechanism can be described 
consecutively: 

■ action of death (die): 

die: (Ag, env) ^ (Ag \ {ag} , env) (5) 

■ action of reproduetion (rp): 

rp : (Ag,env) ^ (Ag U {ag*} ,env) (6) 

where the energy of the new (offspring) agent ag* is: 

stat* = (f*,engo) (7) 

where x* denotes partial representation of the problem to be solved 
inherited with mutation from x, and engg — initial energetic level. 

For a parental agent the following holds: 

ag = (f,eng - eng,p) (8) 

The energy balance for an agent along a given period of time is as 
follows: 

eng(tfc+i) = eng(tfc) -E Aeng+(tfc) - Aeng“(tfc) (9) 

where: tk+i,tk ~ moments, when the state of the system is observed, 

Aeng'^(tfc), Aeng“(tfc) - total energy gained and lost, respec- 
tively, in time period {tk,tk+i). 

The level of life energy possessed simultaneously determines actions an 
agent is able to execute. Thus the strategy of selection should be defined 
so as high energy level should increase the probability of reproduction 
— generation of offspring agents: prp = Prp(eng), and low energy level 
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should increase the probability of death — elimination of the agent: 
Pd\e = Pdie(eng). 

The total amount of life energy can be used as a means for manage- 
ment of this kind of EMAS in two possible regimes. 

■ Operation of the system may be modified by adding or taking away 
a portion of the energy. Power supply changes. 

■ Closed circulation of life energy in the system is realised, which 
makes that the total energy possessed by all agents and in the 
environment remains constant during the whole run. 

Of course, assurance of the closed circulation of energy needs each change 
in the agent’s energy to be reflected by an appropriate change in energy 
of another agent or the environment. 

4. EMAS FOR MULTIOBJECTIVE 
OPTIMISATION 

In order to find the approximation of Pareto frontier for a given multi- 
criteria optimisation problem, agents of EMAS must act according to the 
energetic reward/punishment mechanism, which prefers nondominated 
agents [7, 9]. This is done via so-called domination principle, forcing 
dominated agents to give a fixed amount of their energy to the encoun- 
tered dominants. This may happen, when two agents communicate with 
each other and obtain information about their quality with respect to 
each objective function. Thus this mechanism consists of several ac- 
tions of communication and the action of energy transfer and may be 
compactly described as: 

tr : mas|ag^,ag^ ^ mas|ag*,ag* ( 10 ) 

where states of agents ag^ and ag 2 change according to domination prin- 
ciple: 



stati = (xi, engi) statj; = (xi, eng^ - Aeng) 

stat2 = (x2, eng2) stat^ = (x2, eng2 -E Aeng) 

and X 2 dominates xi. 

The flow of energy connected with the domination principle causes 
that dominating agents are more likely to reproduce whereas dominated 
ones are more likely to die. This way, in successive generations, non- 
dominated agents should make up better approximations of the Pareto 
frontier. 
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The above description is only a general scheme of how to realise EM AS 
for multicriteria optimisation, to make the method operational for a 
particular problem the following issues must be considered: 

■ Types of problems eovered. Both representation of solutions and 
variation operators should reflect the problem to be solved. 

■ Dimensionality. A large number of decision variables and crite- 
ria functions does not pose a problem for evolutionary optimisa- 
tion techniques, only a suitable size of population and agent space 
should be selected. What is more, the evaluation of agents (domi- 
nation principle) has linear complexity with respect to the number 
of criteria in consideration. 

■ Quality of approximation. Precision of the approximation of the 
Pareto frontier depends obviously on the population size and may 
be influenced this way. A harder problem is to ensure the uniform 
distribution of nondominated agents (solutions) along the frontier. 

■ Ineoherent or diseontinuous Pareto frontier. For a problem with 
an incoherent (discontinuous) Pareto frontier controlling the dis- 
tribution of nondominated agents occurs even crucial, e.g. for dis- 
covering the gaps of certain dimension. The mechanism of erowd 
[9] is the proposed solution to the problem. 

■ Dynamie ehanging of the problem. The proposed method naturally 
allows modification of the problem during solving process that can 
be valuable features for some kind of applications. 



5. EXPERIMENTAL STUDIES 



The implementation was based on the Ag World platform ~ a software 
framework based on PVM facilitating agent-based implementations of 
distributed evolutionary computation systems [2] . 

Experimental studies have been carried out for a simple (yet inter- 
esting, since leading to a discontinuous Pareto frontier) multiobjective 
optimisation problem [9]: 



fi{x,y,z,t) 

f 2 (x,y,z,t) 



-{x - 2)2 -{y + 3)2 -{z- 5)2 - (t - 4)2 + 5 
sin X + sin y + sin 2 : -|- sin t 



Below some results characteristic for management by means of life energy 
(self-management) are presented in short. 

Firstly, Fig. 1 shows how the quality of solutions (understood as av- 
erage distance between the model solution and these obtained during 
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Figure 1. 



Influence of total energy of the system on the quality of solutions obtained 



studies) depends on the total energy of the system. It can be observed 
that too little energy cannot guarantee a success, while the excess of it 
can lead to the deterioration of the best obtained solution. 

Secondly, the dependency of the number of computation steps on 
the total energy (Fig. 2) indicates that too much energy unnecessary 
lenghtens the process of finding a solution. 




Figure 2. Influence of total energy of the system on the total computation time 

A similar situation is shown in Fig. 3 with respect to the number of 
Pareto-optimal agents ~ reflecting accuracy of the Pareto frontier ap- 
proximation. Deterioration of the result may be also observed for the 
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Total energy 



Figure 3. Influence of total energy of the system on the maximum number of agents 
and number of Pareto-optimal agents 

badly chosen amount of life energy. At the same time, increasing the 
total energy causes linear growth of the maximum number of agents dur- 
ing computation, which is due to the death threshold of energy defined 
for an agent. 

Additionally, it can be noticed that maxima and minima of the re- 
produced curves occur at rather close values of energy. This allows to 
formulate the important practical indication that the amount of energy 
as a parameter can and ought to be tuned each time a new optimisation 
problem is solved. 

In general, the presented observations confirm that the discussed man- 
agement mechanism works and is effective. Of course, deeper analysis 
needs further experiments. 

6. CONCLUDING REMARKS 

Attaining utilitarian goal of mMAS and assuring effectiveness of that 
process can be achieved merely by applying specific management mech- 
anisms sustaining autonomy of individual agent actions. The results ob- 
tained for EMAS for multiobjective optimisation confirm legitimacy of 
the general approach and effectiveness of the proposed scheme of man- 
agement based on closed circulation of life energy. 

Future research in the subject will concentrate on further theoretical 
analysis of EMAS as well as utilization of different management mech- 
anisms in various applications. Detailed studies will be carried out in 
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order to choose finally the built-in mechanisms, tune them, and compare 
the method with other known in the soft computing field. 
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PAMUC : A NEW METHOD TO HANDLE WITH 
CONSTRAINTS AND MULTIOBJECTIVITY IN 
EVOLUTIONARY ALGORITHMS 
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Abstract: Multiobjective optimization using evolutionary algorithms (EA) has become a 

wide area of research during these last years. However, only a few papers deal 
with the handling of preferences. To take them into account, a method based 
on multi-criteria decision aid, PROMETHEE II, has been implemented. 
Further-more, as the handling of the constraints is very critical in EA, an 
original approach {PAMUC Preferences Applied to MUltiobjectivity and 
Constraints) has been proposed, which considers the satisfaction of the 
constraints as another objective. 



Keywords: evolutionary algorithms, constraints, multiobjective, preferences, multicriteria. 



1. INTRODUCTION 



The ability of evolutionary algorithms to explore widely the design space 
is useful to solve single-objective unconstrained optimization problems [1], 
but is is well known that they do not perform very well with the presence of 
constraints [2, 3, 4]. Furthermore, in many industrial applications, multiple 
objectives are pursued together. 

Here is proposed a new method called PAMUC (Preferences Applied to 
MUltiobjectivity and Constraints) which handles simultaneously with the 
constrained and multiobjective aspects of general optimization problems. 
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2. MULTIOBJECTIVE OPTIMIZATION IN EA 

2.1 Definitions 

This paragraph will describe basic concepts required to understand 
multiobjectivity, followed by an outline of the two families of techniques 
generally used to solve multiobjective problems. 

General (unconstrained) multiobjective optimization problems can be 
written as follows : 

min f(x) (1) 

X 

where f(x)^ = [ fi(x) f 2 (x) ... f„(x) ]. The concept of Pareto optimum 
constitutes a major key to take multiobjectivity into account [5]. By 
definition, x* is a Pareto optimum if there exists no other x (in the seareh 
space) such that, for at least one j, the following relation is satisfied : 

fXx)<f/x*) (2) 

In Pareto-based methods, the first step consists in drawing up the shape 
of the Pareto front. There are numerous methods to solve this problem : 
VEGA (Vector Evaluated Genetic Algorithm), MOGA (Multiple Objective 
Genetic Algorithm), ... [6]. Then, the user can make a choice among all the 
Pareto solutions. 

Though this approach can give very interesting information about the 
design space, its main limitation lies in the fact that the determination of the 
Pareto front becomes a tedious task when the size of the problem increases. 
Consequently, it is often more advisable to use aggregating methods, where 
the user's preferences are taken into account since the very start of the 
process. Weights concerning the objectives can be affected thanks to a multi- 
criteria decision aid method, as PROMETEIEE II. Its main features are 
described below. 



2.2 PROMETHEE II 

PROMETHEE II (Preference Ranking Organisation METHod for 
Enrichment Evaluations II) was incorporated for the first time in an EA by 
Rekiek, in order to optimize an assembly line design [7, 8]. Due to Brans and 
Mareschal [9], it provides a better interpretation of the weights thanks to a 
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particular scaling of the objective functions. Furthermore, eaeh individual is 
eompared to all the other solutions of the population in order to build its 
fitness function. Here are the outlines of PROMETHEE II : 

I. For each objective f a preference function is created, which compares any 
couple (a,b) of individuals. The parameters pi and qi must be defined by the 
user (pi = 1 and qi = 0.01 have provided good results in most cases). 




Figure 1. Preference function Pi(a,b) (for a minimization problem) 

2. Then, the user affects a weight Wi to eaeh objective function, in order to 
build the preferenee index of a over b : 



7t(a,b)= ^WiPi(a,b) (3) 

i=l 

3. Finally, to compare a solution a with the N-1 other solutions of a set E, 
the preference flow (|)(a) is eomputed as follows : 

(^(a) = -^-Xtt(a,b) (4) 

^ ^ beE 

b?ta 



Consequently, the multiobjeetive problem is transformed into a single- 
objective problem with the preferenee flow (|) acting like the fitness function. 
Then, to take the eonstraints into account, a new approach is proposed in the 
next paragraph. 
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3. HOW TO HANDLE WITH CONSTRAINTS ? 

The aim of this new method ealled PAMUC (Preferences Applied to 
MUltiobjectivity and Constraints) is to solve eonstrained multiobjeetive 
problems. The main idea is to use PROMETHEE II with m+1 objectives (the 
m objective functions and one more related to the satisfaction of the con- 
straints). This latter function is estimated by ; 



2 ■ ( 

E (5) 

gj<0 

where gj(x) are inequality constraints (which are violated when gj(x)<0) 
and kj are scaling factors. The weights are initially chosen for the m 
objectives (Wi’*'*''' ; i = 1, ..., m). Then, at each generation t, they are 
computed as follows : 

w( = Wi “'“.(1 -w,„+i ‘) for i = 1 , . . . , m (6) 

w„,i‘=l-RF (7) 

where RE is the rate of the population which satisfies all the constraints 
and Wm+i = 1 at the first generation. The weights are thus adaptive : when the 
number of feasible individuals is low, the relative importance given to the 
objective m+1 (satisfaction of the constraints) is high ; but as the process 
goes on, a growing part of the population will satisfy the constraints, which 
will lead to a decrease of Wm+i. 



4. NUMERICAL RESULTS 

The PAMUC method was incorporated in an EA programmed in Matlab. 
After validation on usual test functions, it has been implemented in Boss 
Quattro (Samtech), a commercial software for parametrical studies and 
optimization. Three examples will be presented, as described below : 



Table 1. Description of the three examples presented 



Optimization problem 


Nb of variables 


Nb of constraints 


Nb of objectives 


Himmelblau [3] 


5 


6 


1 


Unconstrained multiobjective 


2 


0 


2 


problem (Cvetkovic [13]) 
Osyzcka [5] 


2 


2 


2 
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4.1 Example 1 

The first example was proposed by Himmelblau and used several times 
as a benehmark to test penalty-based teehniques [3]. The objeetive funetion 
to be minimized is the following ; 

f(x) = 5.3578547x3^ + 0.8356891xi.X5 + 37.293239.Xi - 40792.141 (8) 

subjeet to 6 inequality constraints : 

0 < gi(x) < 92 ; 90 < g 2 (x) < 1 10 ; 20 < g 3 (x) < 25 (9) 



with the constraints gj(x) and the bounds of the variables defined as : 



gi(x) = 85.334407 + 0.0056858x2Xs+ 0.00026xiX4- 0.0022053x3X5 (10) 



< g 2 (x) = 80.51249 + 0.0071317x2X5 + 0.0029955xiX2 + 0.0021813x3^(11) 



g 3 (x) = 9.30096 + 0.0047026x3X5 + 0.0012547x1X3 + 0 . 0019085 x 3 X 4 ( 12 ) 



78 < xi < 102 ; 33 < X 2 < 45 and 27 < x; < 45 for i = 3, . .., 5 (13) 

The PAMUC method was implemented in an evolutionary algorithm 
programmed in Matlab, with a binary representation of the variables. 
Tournament selection scheme and 2-point crossover have been applied. The 
parameters and the results of the EA are summarized in Table 2, compared 
to results obtained with other constraint-handling methods (for more details, 
see [3]). 

The PAMUC method provided good results with the same number of 
fitness function evaluations, compared to penalty-based methods, while the 
MGA (multi-objective genetic algorithm), based on a non-dominance 
approach [3], gives better results. It can also be noted that the co- 
evolutionary penalty method proposed by Coello [12], which has furnished 
the best results so far for this problem, needs a considerably higher number 
of evaluations (900000). 
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Table 2. Comparison of constraint-handling techniques for the Himmelblau function 





Static penalty 
(Homaifar et al.) 


Dynamic penalty 
(Joines & 
Houck) 


MGA 

(Coello) 


PAMUC 


Nb of fitness fct evaluations 


5000 


5000 


5000 


5000 


Population size 


50 


50 


50 


100 


Nb of generations 


100 


100 


100 


50 


Crossover rate 


0.8 


0.8 


self-adapted 


0.8 


Mutation rate 


0.005 


0.005 


self-adapted 


0.005 


30 runs : 

Best solution 


-30790 


-30903 


-31006 


-30948 


Mean 


-30446 


-30539 


-30863 


-30596 


Standard deviation 


226 


200 


73 


206 



The Figure 2 represents the fitness of the best feasible individual at eaeh 
generation. A eonstant decrease of the objective function towards the 
optimum can be observed. 



mmf 

ifgasibU) 




genemtion 



Figure 2. Evolution of fitness of the best feasible solution 
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4.2 Example 2 

This example is an unconstrained maximization problem with 2 objective 
functions : 

fi(xi,X2) = sin(xi^+X2^- 1) (15) 

^ f2(xi,X2) = sin(xi^+ X2^+ 1) (16) 

with Xi, X 2 G [0, 37t/4]. Three methods implemented in Boss Quattro 
(Samtech) have been used to solve this problem : 

1. Multiple Objective Genetic Algorithm (Fonseca and Fleming, [6]) ; 

2. Nondominated Sorting Genetic Algorithm (Srinivas and Deb, [6]) ; 

3. PAMUC. 





Figure 3. Theoretical and experimental Pareto Front (PF) by MOGA and NSGA techniques 



12 




Figure 4. Theoretical and experimental PF by PAMUC 
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Real-coded variables were used, with the size of the population equal to 
50 (in MOGA and NSGA) and to 30 (in PAMUC), and the maximum 
number of generations equal to 20. In order to draw the shape of the Pareto 
front in the PAMUC method, the weights affected to the objective functions 
have been modified (from [wi=l ; W2=0] to [wi=0 ; W 2 =l]). The Figures 3 
and 4 show that although MOGA and NSGA provide a dense drawing of the 
Pareto front, the PAMUC method can give an interesting idea of its global 
shape, while NSGA for instance seems to converge towards the centre of the 
Pareto front. 

It should be noted that in PAMUC, each point has to be computed by one 
entire run of the EA, while MOGA and NSGA techniques are designed to 
draw the entire shape of the Pareto front in a single run. Of course, PAMUC 
is not a Pareto-based method. Consequently, the aim of this example (as well 
as the following one) is not to show its efficiency in the drawing of Pareto 
fronts, but only to illustrate its ability to take correctly into account the user's 
preferences. 

4.3 Example 3 

The last problem presented in this paper is due to Osyczka [5], and is 
characterized by a concave shape of the Pareto front : 



max fi(xi,X 2 ) = xi -t X 2 ^ (17) 

max f 2 (xi,X 2 ) = xi^-t X 2 (18) 

subject to 2 inequality constraints : 

gl(Xi,X2)= 12-Xi -X2>0 (19) 

g2(Xl,X2) = Xi^+ lOxi - X2^+ 16X2 - 80 > 0 (20) 

with : 2 < Xi < 7 and 5 < X 2 < 10 (21) 



The results of PAMUC are obtained by running the EA five times with a 
set of predetermined values of the weights (from [wi=l ; W 2 = 0 ] to [wi=0 ; 
W 2 =l] with a step of 0.25). The parameters of the EA are the same as in the 
previous example (size of the population = 30, number of generations = 20). 
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The experimental results (represented by blaek squares at Figure 5) are 
exactly located on the Pareto front. 

60 



40 
30 
20 
10 
0 

0 20 40 60 60 100 120 

n 




Figure 5. Random population of 10,000 individuals and results by PAMUC 



4.4 Remarks 

These test cases have provided good results of the PAMUC method to 
solve multiobjective problem with preferences as well as to handle with the 
constraints. An important advantage of the PAMUC method lies in the fact 
that it needs no particular tuning of the parameters (except the traditional 
parameters of the EA, as the size of the population, etc), while penalty-based 
methods usually requires a trial-and-error procedure before finding the best 
parameters values. 



5. CONCLUSIONS 

In this paper, an original approach (PAMUC) was proposed to deal 
simultaneously with multiobjectivity and constraints in EA. The idea is to 
create a new objective function which takes the constraints into account. 
Then, an aggregating method, PROMETHEE II, is used in order to rank the 
individuals of the population at each generation. After a first implementation 
in Matlab, PAMUC was incorporated into a commercial software for 
parametrical studies and optimization. Boss Quattro (Samtech). It has 
provided good results for benchmarks, and will be applied shortly to an 
industrial application : the purge valve (designed by Techspace Aero) of the 
Vinci engine, from launcher Ariane 5. Future paths of research will include 
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the use of expert rules, which are generally preponderant in the designers' 
choices. 
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Abstract: Controlled elitism in NSGAII is analysed, applied to a multiobjective frame 

optimisation problem with discrete modelling. Influence of various mutation 
rates is considered. A double minimization is handled: constrained weight and 
number of different cross section types. The comparative statistical results of 
the test case show a convergence study during evolution by means of certain 
metrics that measure front coverage and distance to the optimal front. 



Keywords: Multiobjective Optimisation, Structural Optimisation, NSGA-II, Elitism. 



1. INTRODUCTION 

The evolutionary multicriterion methods have acquired importance, due 
to the lack of disadvantages that the classic methods have, being applied to a 
wide range of problems that were restricted to the classical [1]. The article 
describes the NSGAII and controlled elitism [2]. Later, the problem and test 
case are described; at last results via some metrics, analysis and conclusions. 



2. NSGA-II AND CONTROLLED ELITISM (CE) 

The NSGA-II [3] is originated from the NSGA including elitism and 
avoiding the parameter dependence of sharing factor. It also introduces a 
faster algorithm to sort the population. It evaluates a crowding distance that 

101 

T. Burczyhski and A. Osyczka (eds), 

lUTAM Symposium on Evolutionary Methods in Mechanics, 101-110. 

© 2004 Kluwer Academic Publishers. Printed in the Netherlands. 




102 



D. GREINER, G. WINTER, J.M. EMPERADOR, B. GALVAN 



considers the size of the largest cuboid enclosing each population member 
without including any other. This parameter-less magnitude is used to keep 
diversity in the population. Selection is performed by a tournament selection, 
that prioritises the front domination order and the crowding distance. 

CE offers a quantitative control over the algorithm selection pressure. Its 
activity is focused in two factors: Smoothes the elitism of the NSGA-Il, and 
limits the max-number of individuals belonging to each front. Elitism in the 
NSGA-II is in two phases. In a first stage, the next-generation population is 
selected from the best individuals (based on the non-dominance criterium) 
belonging to the parent and offspring population of the present generation. 
Then, a tournament selection is done to decide which individuals are crossed 
and muted: it is a second elitism stage, increasing the selection pressure. 
With CE, this second stage is deleted, replacing the tournament selection 
with a random procedure. Moreover, it limits the max-number of individuals 
belonging to each front by a geometric decreasing function governed by the 
reduction rate r. So, we impose the existence of a certain number of fronts in 
the population, avoiding a possible fast convergence to only non-dominated 
individuals. Being K the number of desired fronts, N the total number of 
individuals in the population, and r the selected reduction factor, (r < 1), 
then the number of individuals n, in each i front, is [2]: 



n,=N- -r 

l — r 



( 1 ) 



3. THE MULTIOBJECTIVE FRAME PROBLEM 

The frame problem consists in minimizing two criteria [4] [5]: 

1. The constrained weight, optimising the acquisition cost of the 
metallic frame raw material. It is obtained through the direct stiffness 
method and the following constraints are applied. 

a) Stresses of the bars, where the comparing stress takes into account the 
axial and shearing stresses by the shear effort, and the bending effort. 

b) Compressive slenderness limit, for each bar whose buckling effect is 
considered (the Spanish norm has a limit of 200). 

c) Displacements of joints or middle points of bars. 
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^co ^lim — ® (4) 

Considering the variables (refered to bar /): 

Ai = area of the section type; pi = specific weight; /, = length; A: = constant 
that regulates the equivalence between weight and restriction; violj = for each 
violated restriction j, is the quotient between the violated restriction value 
(stress, displacement or slenderness) and its reference limit. 

With these considerations, the fitness function constrained weight results: 



Fitness = 



Nbar s 

-p, •/, 

1=1 



Nviol s 

{\ + k- ^(v/o/y-1)] 

7=1 



( 5 ) 



2. The number of different cross section types, due to constructive 
constraints, of importance in structures with a high number of bars. It helps 
to a better quality control during the execution of the building site. The 
algorithm needs (n-1) comparisons in the most favourable case: 

nudicrosecty = 0 
for{i=0; i<barnumber; i++) { 
loopend = FALSE; 

f or { j = { i + 1 ) ; j < barnumber ScEc not { loopend) ; j + + ) { 
if ( sectiontype ( j ) = sectiontype (i) ){ 

nudicrosecty = nudicrosecty + 1; 
loopend = TRUE; 

} } } 

nudicrosecty = barnumber - nudicrosecty; 



1.5 7/m U T/m 




Figure 1. Structural Test Case 
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4. TEST CASE 

The test case (fig. 1) is based on a problem taken from Hernandez [6], 
The spot lengths are in meters, and there is a max-displacement constraint in 
bar 2 middle point, of length/300. It has been considered buckling effect and 
own gravitational load. Fig 2 shows the Pareto front (x-axis: frame weight; 
y-axis: number of different cross-section types, belonging to IPE class). 




Figure 2. Pareto Front of the structural test case 



5. EXPERIMENTAL RESULTS 

5.1 General Parameters 

We consider 30 independent runs of each algorithm and a population 
size of 100. Tested algorithms are the standard NSGAII and the NSGAIl 
with CE. To investigate independently the influence in the exploitation- 
exploration equilibrium, mutation rate values (0%,0.4%,3%) and 
reduction factor r (0.0, 0.5) have been considered. In nine studied 
combinations, uniform crossover, gray code and if=5 are used. 

5.2 Used Metrics 

Two metrics are considered; the Metric 1 is the Ml* metric of Zitzler [9], 
representative of the approximation to the optimal Pareto front: 

A^1*(U)= |^^min{||M-y|| \ y^Yp] 

r I ueU 



( 6 ) 
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, where U = f(A) c Y. 

The Metric 2 handles with the coverage of the front. Being this a discrete 
domain problem, we have considered the number of different cross section 
types covering as Metric 2. Its reference value is three. 

5.3 Figures 

The average results of the thirty executions for each metric are grouped 
in two blocks. The first (figs. 3 to 8), shows the results by algorithm and 
comparing the different studied mutation rates. In this figures, the symbols 
diamond, cross and square correspond to mutation rates of 0%, 0.4% and 3% 
respectively. A second (figs. 9 to 14), shows the results by mutation rate and 
comparing the algorithms. The symbols diamond, cross and square 
correspond to NSGAIl algorithms: standard, CE & r=0.5; and CE & r=0.0. 
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Figure 3. Metric 1 in the NSGAIl from generation 0 to 10 and from 10 to 50th 




Figure 4. Metric 2 in the NSGAIl from generation 0 to 12th 
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Figure 5. Metric 1 in the NSGAII-CE and i=0.0 from generation 0 to 10 and from 10 to 50th 




Figure 6. Metric 2 in the NSGAII-CE and r=0.0 from generation 0 to 25th 





Figure 7. Metric 1 in the NSGAII-CE and i=0,5 from generation 0 to 10 and from 10 to 50th 
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Figure 8. Metric 2 in the NSGAII-CE and r=0.5 from generation 0 to 26th 





Figure 9. Metric 2 in the NSGAII-CE and r=0.5 from generation 0 to 26th 




Figure 10. Metric 2 with mutation rate 0% from generation 0 to 50th 
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Figure 11. Metric 1 with mutation rate 0.4% from generation 0 to 10 and from 10 to 50th 




Figure 12. Metric 2 with mutation rate 0.4% from generation 0 to 50th 





Figure 13. Metric 1 with mutation rate 3% from generation 0 to 10 and from 10 to 50th 
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Figure 14. Metric 2 with mutation rate 3% from generation 0 to 50th 



6. ANALYSIS OF RESULTS 

6.1 Algorithms 

From observation of Metric 1 in figs. 3 to 8, it can be seen a common 
behaviour in the three tested algorithms. In initial generations, the algorithm 
with higher mutation rate experiments a slower convergence to the Pareto 
front, but about the twelfth generation the process becomes inverse; the 
evolution in the mutation-less algorithm stagnates and the clear winner is the 
higher mutation rate. The algorithm with 0.4% mutation rate is intermediate. 
So, the exploration that gives mutation in the final stages is advantageous; 
but its lack, in early stages accelerates convergence (giving more intensive 
exploitation). In case of Metric 2, we can also observe a similar behaviour of 
the three algorithms. It diminishes initially, due to the progressive finding of 
non-dominating individuals in the initial stages, and not a complete front. 
Later, when more members are included, the front grows. The mutation-less 
case stagnates and offers a lower average coverage, being advantageous the 
exploration of mutation. This is relevant in case of algorithms with CE: 
mutation and CE can be complementary, interacting at same time positively. 

6.2 Mutation Rates 

In figs. 9 to 14, the different algorithms are compared with the same 
mutation rate. Figures 9 and 10, correspond to the lack of mutation operator. 
In this case, population diversity exclusively depends on the CE. We can 
observe, that standard NSGA-II shows the slowest convergence in the initial 
stages, and also in the final ones. Both algorithms with CE have a faster 
behaviour. In figure 13, (3% of mutation rate in Metric 1), we can see a 
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similar convergence of the three algorithms in the last generations, but a 
clear disadvantage of the standard NSGAII in the initial generations. This 
advantage is also present in the initial stages of the case of 0.4% of mutation 
rate. It is also appreciable that in the figures of Metric 2, the front coverage 
in the final stages is slightly lower for the case of higher mutation. 



7. CONCLUSIONS 

A comparative analysis of the exploration-exploitation equilibrium in a 
frame multiobjective optimisation problem is discussed, taking into aecount 
both mutation and ‘controlled elitism’ (CE) in the NSGA-II. The obtained 
results show that the CE operator offers advantages in the convergenee of 
the algorithm, being capable to cooperate with the mutation operator. The 
treated problem is solved satisfactorily, and the NSGA-II with CE configures 
as a competitive algorithm in discrete multiobjective frame optimization. 
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Abstract: This paper introduces a new constraint-handling method called Inverted- 

Shrinkable PAES (IS-PAES), which focuses the search effort of an evolu- 
tionary algorithm on specific areas of the feasible region by shrinking the 
constrained space of single-objective optimization problems. IS-PAES 
uses an adaptive grid as the original PAES (Pareto Archived Evolu- 
tion Strategy). However, IS-PAES does not have the serious scalability 
problems of the PAES. The viability of the proposed approach is vali- 
dated with several examples taken from the standard evolutionary and 
engineering optimization literature. 

Keywords: multiobjective optimization, constraint handling, PAES 

1. INTRODUCTION 

Evolutionary Algorithms (EAs) in general (i.e., genetic algorithms, 
evolution strategies and evolutionary programming) lack a mechanism 
able to bias efficiently the search towards the feasible region in con- 
strained search spaces. Such a mechanism is highly desirable since most 
real-world problems have constraints which could be of any type (equal- 
ity, inequality, linear and nonlinear). The success of EAs in global op- 
timization has triggered a considerable amount of research regarding 
the development of mechanisms able to incorporate information about 
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the constraints of a problem into the fitness function of the EA used 
to optimize it [4, 7]. So far, the most common approach adopted in 
the evolutionary optimization literature to deal with constrained search 
spaces is the use of penalty functions. When using a penalty function, 
the amount of constraint violation is used to punish or “penalize” an 
infeasible solution so that feasible solutions are favored by the selection 
process. Despite the popularity of penalty functions, they have several 
drawbacks from which the main one is that they require a careful fine 
tuning of the penalty factors that indicates the degree of penalization to 
be applied [9, 4]. Recently, some researchers have suggested the use of 
multiobjective optimization concepts to handle constraints in EAs (see 
for example [4]). This paper introduces a new approach that is based 
on an evolution strategy that was originally proposed for multiobjec- 
tive optimization: the Pareto Archived Evolution Strategy (PAES) [6]. 
Our approach can be use to handle constraints both of single- and mul- 
tiobjective optimization problems and does not present the scalability 
problems of the original PAES. The remainder of this paper is organized 
as follows. Section 2 briefly describes the work related to our own. In 
Section 3, we describe the main algorithm of IS-PAES. Section 4 pro- 
vides a comparison of results and Section 5 draws our conclusions and 
provides some paths of future research. 

2. RELATED WORK 

Since our approach belongs to the group of techniques in which mul- 
tiobjective optimization concepts are adopted to handle constraints, we 
will briefly discuss some of the most relevant work done in this area. 
The main idea of adopting multiobjective optimization concepts to han- 
dle constraints is to redefine the single-objective optimization of f{x) 
as a multiobjective optimization problem in which we will have m -|- 1 
objectives, where m is the total number of constraints. Then, we can 
apply any multiobjective optimization technique [5] to the new vector 
V = (/(f), /i(f), . . . , fm{x)), where /i(f), . . . , fm{x) are the original con- 
straints of the problem. An ideal solution x would thus have fi{x)=0 for 
1 < i < m and /(f) < f{y) for all feasible y (assuming minimization). 

Based on this main idea, several approaches have proposed in the last 
few years. Some of them use population-based techniques (e.g., [3]), and 
others use Pareto ranking (e.g., [10]). However, all of these techniques 
are normally more useful to approach the feasible region, but are not 
as effective for reaching the global optimum of a problem. We argue 
in this paper that the main reason for having this limitation has to do 
with the focus of the search in traditional multiobjective optimization 
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algorithms. Rather than focusing the effort on finding good “trade-offs” 
(as in multiobjective optimization), we propose to focus the search in 
finding the boundary between the feasible and the infeasible regions and 
then concentrating the search effort on reaching the global optimum. 
Such is the nature of the algorithm proposed in this paper. 

3. IS-PAES ALGORITHM 

IS-PAES has been implemented as an extension of the Pareto Archived 
Evolution Strategy (PAES) proposed by Knowles and Come [6] for mul- 
tiobjective optimization. PAES main feature is the use of an adaptive 
grid on which objective function space is located using a coordinate sys- 
tem. Such a grid is the diversity maintenance mechanism of PAES and 
its the main feature of this algorithm. The grid is created by bisecting 
k times the function space of dimension d = <7-1-1. The control of 2^^ 
grid cells means the allocation of a large amount of physical memory for 
even small problems. For instance, 10 functions and 5 bisections of the 
space produce cells. Thus, the first feature introduced in IS-PAES 
is the “inverted” part of the algorithm that deals with this space usage 
problem. IS-PAES’s fitness function is mainly driven by a feasibility 
criterion. Global information carried by the individuals surrounding the 
feasible region is used to concentrate the search effort on smaller areas as 
the evolutionary process takes place. In consequence, the search space 
being explored is “shrinked” over time. Eventually, upon termination, 
the size of the search space being inspected will be very small and will 
contain the solution desired. The main algorithm of IS-PAES is shown 
in Figure 1. 

The function test (h,c, file) determines if an individual can be added 
to the external memory or not. Here we introduce the following notation: 
xiV^X 2 means x\ is located in a less populated region of the grid that X 2 - 
The pseudo-code of this function is depicted in Figure 2. 

3.1 Inverted “ownership” 

IS-PAES handles the population as part of a grid location relationship, 
whereas PAES handles a grid location contains population relationship. 
In other words, PAES keeps a list of individuals on either grid location, 
but in IS-PAES either individual knows its position on the grid. There- 
fore, building a sorted list of the most dense populated areas of the grid 
only requires to sort the k elements of the external memory. In PAES, 
this procedure needs to inspect every location of the grid in order to 
produce an unsorted list, there after the list is sorted. The advantage 
of the inverted relationship is clear when the optimization problem has 
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maxsizc: max size of file 

c: current parent 6 X (decision varialrle space) 

/ncliild of c e X. a/,: individual in file that dominates h 
a,/: individual in file dominated hy h 
current: current number of individuals in file 
cnew: number of individuals generated thus far 
current = 1: cnew=(): c = ne\vindividual() ; add(c) 

While cnew<MaxNe\v do 
h = mutate(c); cnew+ =1; 
if (c:<h) then exit loop 

else if (h^c) then { remove(c): add(g): c=h: } 
else if (3 a/, € file | a/, ■< h) then exit loop 
else if (3 a,/ e file | h ■< a,/) then 

add( h ); V a,/ { remove(a,/); current— =1 } 
else test(h,c>file) 

if (cnew % g==0) then c = individual in less densely populated region 
if (cnew % r==0) then shrinkspace(file) 

End While 



Figure 1. Main algorithm of IS-PAES 



if (current < maxsize) then add(h) 
if (h □ c) then c = h 

else if (BopGlile | h □ Op) then { remove(ap); add(h) } 
if (h □ c) then c = h; 



Figure 2. Pseudo-code of test (h,c, file) 



many functions (more than 10), and/or the granularity of the grid is 
fine, for in this case only IS-PAES is able to deal with any number of 
functions and granularity level. 

3.2 Shrinking the objective space 

Shrinkspace(file) is the most important function of IS-PAES since 
its task is the reduction of the search space. The pseudo-code of Shrink- 
space(file) is shown in Eigure 3. The function select (file) returns a list 
whose elements are the best individuals found in file. The size of the list 
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TLpob'- vector containing the smallest value of either Xi € X 
Xpob- vector containing the largest value of either Xi G X 
select(file); getMinMax( file, 
tiim{xpob, Xpob ) 
adjustparameters(file) ; 



Figure 3. Pseudo-code of Shrinkspace(file) 



is 15% of maxsize. Since individuals could be feasible, infeasible or only 
partially feasible, the best individuals are chosen from the file sorted by 
“objective-function” then by “constraint 1” , then by “constraints^ 2” , 
and so on. The function getMinMax(file) takes this list and finds the 
extreme values of the decision variables represented by those individuals. 
Thus, the vectors Xpnh and Xp^b are found. Function Xpob) 

shrinks the feasible space around the potential solutions enclosed in the 
hypervolume defined by the vectors Xpob and Xp^b- Thus, the function 
trim() (see Figure 4) determines the new boundaries for the decision 
variables. 



n: size of decision vector; 

xf. actual upper bound of the ith decision variable 
xf actual lower bound of the ith decision variable 
Xpob,i- upper bound of ith decision variable in population 
Xpob/- lower bound of ith decision variable in population 
Vi : i G { 1, ..., n } 

slacki = 0.05 X {xpob,i - Xpobg) 

width jpobi = Xpob^i — Xpob/ widths = — x* 

, ,, 8*widtC.— width _pobi 

deltaMim = ^ 

deltai = max(slackj, deltaMinj); 

= Xpob,i + deltas = Xpob^i - deltas 

then 



^ Xoriginal,i) 

+ ^ 7y7^+l Tv? . . . 7v7^ + l 

original original , d 

if (x^ <C Xoriginal,i] 

^^ + 1 — rj. 

^original, 

if (x Xoriginal,i) then X^ — Xoriginal,i 



then X^ -|- ^original, i 5 



Figure 4- Pseudo-code of trim 
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The value of /3 is the percentage by which the boundary values of 
either Xi £ X must be reduced such that the resulting hypervolume is 
a fraction a of its initial value. In our experiments, a = 0.90 worked 
well in all cases. Clearly, a controls the shrinking speed, hence the al- 
gorithm is sensitive to this parameter and it can prevent it from finding 
the optimum solution if small values are chosen. In our experiments, 
values in the range [85%,95%] were tested with no visible effect in the 
performance. Of course, a values near to 100% slow down the conver- 
gence speed. The last step of shrinkspace() is a call to adjustpa- 
rameters(file). The goal is to re-start the control variable a using: 
o'i = (xj — Xj)/ -y/n i £ {1, ... ,n) This expression is also used during the 
generation of the initial population. In that case, the upper and lower 
bounds take the initial values of the search space indicated by the prob- 
lem. The variation of the mutation probability follows the exponential 
behavior suggested by Back [1] . 

4. COMPARISON OF RESULTS 

We have validated our approach with several problems used as a 
benchmark for evolutionary algorithms (see [7]) and with several engi- 
neering optimization problems taken from the standard literature. In the 
first case, our results are compared against a technique called “stochas- 
tic ranking” which is representative of the state-of-the-art in constrained 
evolutionary optimization (see [8] for details). Regarding the engineer- 
ing optimization problems, we compared results with respect to those 
previously reported in the literature. 

4.1 Test problems used with EAs 

The following parameters were adopted in this case: maxsize = 200, 
bestindividuals = 15%, slack = 0.05, r = 400, MaxNew = 350000. 

1 Problem g06 

Minimize F{x) = (xi — 10)^ -|- (x 2 — 20)^ (1) 

subject to: 

5i(®) = -(xi - 5)2 - (X2 - 5)2 -h 100 < 0 

g 2 {x) = (xi - 6)2 + (x 2 - 5)2 - 82.81 < 0 (2) 

where 13 < xi < 100 y 0 < X 2 < 100. The global optimum 
is located at x* = {14.095,0.84296}, with F{x*) = -6961.81388. 
Both constraint are active. The best solution found by IS-PAES is: 
X ={14.0950000092 0.842960808844 }, with F{x) = -6961.813854. 
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Note in Table 1 how IS-PAES had a better average result and a 
lower standard deviation than R&Y. 



Measure 


IS-PAES 


R&Y 


Best 


-6961.814 


-6961.814 


Worst 


-6961.810 


-6350.262 


Average 


-6961.813 


-6875.940 


Std. Deviation 


8.5E-05 


1.6E-f02 


Median 


-6961.814 


-6961.814 


Feasible solutions 


30 


30 



Table 1. Comparison of results for problem g06 



2 Problem g08 

, sin^(27TXi) sin(27TX2) 

MinimizeF(a;) = ^ ^ ^ ^ 

XJ(X1 -I- X2j 

subject to: 

gi{x) = x\- X 2 + 1 

g2{x) = 1 - xi -I- (x2 - 4)^ < 0 

where 0 < xi < 10 y 0 < X 2 < 10. The global optimum is located 
at X* = {1.2279713,4.2453733}, with F{x*) = 0.095825. The best 
solution found by IS-PAES was: x ={1.227971353, 4.245373368}, 
with F{x) = —0.095825041. The performance of both algorithms 
is similar for this problem. Results are shown in Table 2. 



( 3 ) 

( 4 ) 



Measure 


IS-PAES 


R&Y 


Best 


-0.095825 


-0.095825 


Worst 


-0.095825 


-0.095825 


Average 


-0.095825 


-0.095825 


Std. Deviation 


0.0 


2.6E-17 


Median 


-0.095825 


-0.095825 


Feasible solutions 


30 


30 



Table 2. Comparison of results for problem g08 

4.2 Optimization of a 49-bar plane truss 

The last problem is the optimization of a 49-bar plane truss. The goal 
is to find the cross-sectional area of each member of the truss, such that 
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the overall weight is minimized, subject to stress and displacement con- 
straints. The weight of the truss is given by F{x) = where 

Aj is the cross-sectional area of the jth member, Lj is the correspond- 
ing length of the bar, and 7 is the volumetric density of the material. 
We used a catalog of Altos Hornos de Mexico, S.A., with 65 entries for 
the cross-sectional areas available for the design. Other relevant data 
are the following: Young modulus = 2.1 • lO^kg/cm^ , maximum allow- 
able stress= 3500.00kg /cm? , 7 = 7.4250 • 10“^, and a horizontal load of 
4994.00 kg applied to the nodes: 3, 5, 7, 9, 12, 14, 16, 19, 21, 23, 25 y 
27. We solved this problem for two cases: 

Case 1. Stress constraints only. Maximum allowable stress = 
3500.00A:5(/cm^ A total of 49 constraints, thus 50 objective functions. 
Case 2. Stress and displacement constraints. Maximum allow- 
able stress = 3500.00kg/cm^, maximum displacement per node = 10cm 
A total of 72 constraints, thus 73 objective functions. 

Case 3. Real design problem. The design problem considers trac- 
tion and compression stress on the bars, as well as the proper weight. 
Maximum allowable stress = 3500.00A:g'/cm^, maximum displacement 
per node = 10cm. A total of 72 constraints, thus 73 objective functions. 
The average result of 30 runs for each case are shown in Tables 3, 4 and 5. 
We compare IS-PAES with previous results reported by Botello [2] (SA: 
Simulated Annealing, GA50: Genetic Algorithm with a population of 
50, and GSSA: General Stochastic Search Algorithm with populations 
of 50 and 5). 



Algorithm 


Average Weight (Kg) 


IS-PAES 


610 


SA 


627 


GA50 


649 


GSSA50 


619 


GSSA5 


625 



Table 3. Comparison of different algorithms on the 49-bar struss, case 1 



5. CONCLUSIONS AND FUTURE WORK 

We have introduced a constraint-handling approach that combines 
multiobjective optimization concepts with an efficient reduction mecha- 
nism of the search space and a secondary population. We have shown 
how our approach overcomes the scalability problem of the original PAES 
from which it was derived, and we also showed that the approach is 
highly competitive with respect to the state-of-the-art in the area. As 





IS-PAES: MULTIOBJECTIVE OPTIMIZATION... 



119 



Algorithm 


Average Weight (Kg) 


IS-PAES 


725 


SA 


737 


GA50 


817 


GSSA50 


748 


GSSA5 


769 



Table 4- Comparison of different algorithms on the 49-bar struss, case 2 



Algorithm 


Average Weight (Kg) 


IS-PAES 


2603 


SA 


2724 


GA50 


2784 


GSSA50 


2570 


GSSA5 


2716 



Table 5. Comparison of different algorithms on the 49-bar struss, case 3 



part of our future work, we want to refine the mechanism adopted for 
reducing the search space being explored, since in our current version 
of the algorithm, premature convergence may occur in some cases. The 
elimination of the parameters required by our approach is another goal 
of our current research. Finally, we also intend to couple the mechanisms 
proposed in this paper to other multiobjective evolutionary algorithms. 
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Abstract: A fundamental problem in the design of laminate composites is strength 

degradation in the presence of stress concentrating features such as flaws and 
attachment holes. This paper presents a scheme for optimizing material design 
so as to maximize strength in the presence of flaws. This optimization occurs 
over a landscape littered with local maxima, which is reliably traversed by a 
heuristic approach such as a genetic algorithm. A simple example is presented 
which highlights the benefits and drawbacks of considering flaw tolerance in 
laminate design. 



Keywords: 



fiber reinforced composites, genetic algorithms, stress concentrations 



1. INTRODUCTION 



Fiber-reinforced laminate composites are in widespread use because of 
their superior ratios of strength and stiffness to weight. These materials are 
constructed by embedding strong, stiff, long fibers (e.g.. Carbon fibers) in a 
weaker matrix (e.g., epoxy) to form orthotropic laminae like that shown in 
Figure la. The resulting orthotropic variations in strength and stiffness can 
be employed to the advantage of the designer, but can also lead to 
amplification of stress concentration factors around stress-concentrating 
defects. 
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(a) 



(b) 



1 



Figure 1. (a) Lamina, (b) laminate, with definition of (|). 

To highlight the severity of the amplification of stress concentration due 
to material anisotropy, the problem of stress concentration is illustrated in 
Figure 2 for the case of an infinite orthotropic plate, loaded in uniform 
tension, that contains a central circular hole. An analytical solution is 
available for this problem [4,10]. The plate studied has identical Young's 
moduli E in the directions parallel and perpendicular to the load; three values 
of Poisson's ration v are shown. As the shear modulus G for shearing in axes 
parallel and perpendicular to the loading direction decreases from the 
isotropic value E/(2(l+v)), the maximum stress concentration factor along 
the hole boundary (maximum stress /applied stress Oq) shoots upwards 
drastically from the familiar value of SCF=3 for an isotropic plate. G for 
some cross-ply carbon fiber composites has been reported as low as 0.2 
E/(2(l4-v)) [6], resulting in stress concentration factors of an order of 
magnitude around circular defects and holes. Shear modulus degradation 
due to matrix cracking can exacerbate the problem [2]. 

Laminate composites like that pictured in Figure lb are constructed by 
stacking together laminae (Figure la) at angles (|)i chosen to optimize a 
desired property of the resulting laminate composite structure. Schemes for 
optimizing the lay-up angles (|)i are well established in the literature for 
uniform stress states (e.g. [5]) 

Stress concentrations can be reduced or enhanced by tailoring material 
properties [1], but tailoring to reduce stress concentrations can come at the 
cost of reducing overall strength, since the strength of each lamina varies 
with direction of stressing. The objective of this work is an understanding of 
how laminate optimization changes in the presence of a circular hole. An 
evolutionary scheme was developed to this end, and optimization was 
illustrated on a model material system. 
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Figure 2. The stress concentration at the boundary of a hole in an infinite plate can be 
amplified or reduced by anisotropy. Here, the shear modulus is varied relative to the Young's 
moduli for the directions parallel and perpendicular to the loading direction. 



2. PROBLEM FORMULATION 



2.1 Laminate design 

In a set of xy axes aligned with the fibers as in Figure la, the in-plane 
mechanical behavior of an orthotropic lamina is characterized by four elastic 
constants (e.g. [7]): 



^xx 




“2ii 


012 


0 ' 


^xx 


Oyy 


= 


012 


022 


0 




Pxy_ 




0 


0 


066. 


T xy 



( 1 ) 
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where Oy and £y are stress and strain components, and Qy is the stiffness 
matrix of the lamina. 

The in-plane stiffness matrix Qijof a general laminate, consisting of 
several bonded orthotropic laminae in prescribed orientations (the "local" 1- 
2 axes defined by (p in Figure lb), can be fully anisotropic. The 6 
independent components of the matrix are found through a thickness- 
weighted sum of the individual layer stiffness matrices Qij, transformed into 
the "global" xy axes. In the presence of a stress-concentrating feature like 
the circular hole pictured in Figure 2, the stress distribution within a linear 
elastic laminate is dictated by Qp . 

2.2 Design Optimization 

Design optimization involves choosing lamina orientations (pi that 
maximize strength in the presence of such features. Optimization proceeded 
with a genetic algorithm (GA); each genome represented the orientations (pi 
of the laminae within a possible laminate. For every genome in the pool, 
stresses in each lamina were calculated near the stress concentration, a 
failure criterion was applied, and a raw score equal to the maximum 
sustainable force was assigned. Once raw scores were calculated for every 
genome in the population, an evolution scheme was applied in which new 
members were added to the population pool by reproduction, mutation and 
crossover; traits of the good genomes passed to the next generation, while 
those of the bad ones did not. The population’s average fitness was 
improved until a termination criterion was met. 



3. MODEL PROBLEM 



3.1 Problem Description 

The case of a symmetrically stacked laminate plate containing a circular 
hole was considered as an illustration. The hole was large compared to the 
fiber size but small compared to the dimensions of the plate. For this case, 
the maximum stress occurred on the hole boundary and the stress 
distribution can be written in closed form. Lekhnitskii [8] writes the 
distribution of the thickness-averaged tangential stress along the hole 
boundary as: 
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^ = sin^ 0+ Re^ 






20 S^ 0+ (|lj + |l 2 )sin ^0 + ^-|lj|l 2 sin^ 0cos0 Jj 
(sin0- |ij cos 0 )(sin 0 -|i 2 cos0) 



( 2 ) 

in which |ii and |l 2 are the two roots with positive imaginary parts from the 
polynomial: 



Ciip,"^ -2 ci3)J,^ + (2ci 2 +C33)p,^ “2c23|l+C22 - 0, 



( 3 ) 



where Cy is the inverse of Qy .0 = 0 corresponds to the loading direction in 
Figure 2. 

Strains were calculated from the average stresses by assuming the 
laminate to be so thin that all laminae deformed identically, which, while not 
true on the hole boundary itself, is true very close to the hole boundary (e.g. 

[ 3 ]) 

The strength and stiffness properties used were those of a graphite/epoxy 
composite currently in use in aircraft manufactured by The Boeing Company 
[10]. Relative to the direction perpendicular to the fibers, these laminae are 
strong and stiff in the fiber direction; the shear failure strain is high 
compared to the normal failure strains. Referring to the axes in Figure la, 
the moduli ratios used were Ey/E„ = 0.105 and GIE^ = 0.0468; Vxy = 0.3. The 
failure envelope employed was a maximum strain-type condition, in which 
failure was said to occur when any of the following criteria were met at any 
point on the hole boundary: 

• £xx > 8o in tension 

• 8xx ^ -1.15 8o in compression 

• I Eyy I ^ 0.368 8o 

• lYxyl >2.04 80 

The actual magnitude of £o is unimportant for the optimization. 

The procedure of Section 2.2 was employed to find the configuration in 
which a laminate eomprised of a particular number of identical layers has an 
optimal strength per unit weight. 



3.2 Results 



The optimal design of symmetric laminates of a range of thicknesses 
(measured in number of laminae) was studied. The trade-off was the 
following. Reducing a laminate’s anisotropy by turning a lamina away from 
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the direction of loading has the advantage of reducing the strain 
concentration at the hole boundary; however, this comes at the cost of 
reducing strength in the rotated lamina at the point of highest stress, typically 
near the “equator” of the hole. 

For the simplest symmetric laminate (two laminae), the optimal material 
is formed by aligning both laminae with the loading direction. The next 
simplest symmetric laminate is that constructed with two pairs of laminae. 
The optimization landscape for this case is illustrated in Figure 3, which 
shows the failure load for all possible orientations of the inner and outer 
pairs of laminae. The optimum is found on the ‘rim’ of the resulting 
‘volcano.’ In this case, tailoring lamina orientations increases the laminate 
strength only slightly. Note that the landscape even for this simple case 
contains several local maxima. 




orientation of outer 
pair of laminae 



-90 .90 



orientation of inner 
pair of laminae 



Figure 3. Failure load as a function of lamina orientations for a four-ply symmetric laminate. 

As the number of laminae in a laminate increases, the advantage derived 
from tailoring increases. As shown in Figure 4, the strength per unit weight 
of the laminate increases as more layers are added in the optimal 
orientations. For a typical 20-ply laminate, 25% strength improvement is 
derived from tailoring. Beyond a critical thickness, the optimal laminate has 
one pair of laminae turned perpendicular to the loading direction, and all 
others parallel to the loading direction; one pair of laminae is sacrificed to 
maximally reduce the strain concentration. The dashed line in Figure 4 
corresponding to a laminate with a second pair of laminae rotated 90° from 
the loading direction crosses the line corresponding to a single rotated pair of 
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plies somewhere beyond the right end of the plot; this indicates that the 
optimal lay-up for a sufficiently thick composite will differ from [On.2/902]. 
However, for all reasonable thicknesses of laminates with this lay-up, the 
optimum tolerance to circular flaws is reached by turning one pair of 
laminae 90 ° to the loading direction. 




number of laminae 

Figure 4 Normalized strength to weight ratio for optimally designed symmetric laminates. 
Over a broad range of thicknesses, the optimum strength in the presence of a hole is achieved 
by rotating one pair of laminae 90° from the direction of loading. 



4. DISCUSSION 

A scheme for optimally tailoring a linear elastic laminate plate for 
maximum flaw tolerance was developed. Genetic algorithms are particularly 
well-suited to this scheme, because of the number of local maxima which 
need to be navigated. The example problem worked showed what in 
retrospect was a result that could have been predicted, that for laminae 
strong and stiff in one direction, the optimum configuration over a broad 
range of thicknesses is reached by rotating a few plies perpendicular to the 
loading direction. 
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Is this worthwhile when designing a composite structure? Flaw tolerance 
is vital to the design of composite structures whose microstructures are 
inherently random (e.g. [9]) For the case when a small, circular hole is a 
design necessity in a plate in tension, the procedure followed in this paper 
yields the design that should obviously be followed. For the case when a 
circular hole is a defect that might occur between structural inspections 
during a plate's service lifetime, the decision to tailor a laminate for optimal 
flaw tolerance involves weighing the benefit derived from tailoring against 
the loss of strength:weight ratio in the absence of a hole. A critical strain 
failure criterion predicts that turning one pair of laminae 90° while leaving 
N-2 laminae aligned in the loading direction reduces a laminate's tensile 
strength Omax relative to the strength of a laminate with all layers aligned. 
We derive the following expression for this reduced strength: 



^ max 
aligned 
max 






( 5 ) 



The critical tensile failure strains and values of E^ and Ey for the model 
system listed in Section 3.1 are inserted into this equation in Figure 5. 




number of layers 



Figure 5. Design for flaw tolerance can increase strength in the presence of a flaw, while 
decreasing strength in cases when no flaw exists. 
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As can be seen from Figure 5, Equation (5) predicts a drastic drop in the 
strength of a plate that has been designed to maintain strength in the 
presence of a circular defect. In a uniform plate containing no hole, the pair 
of laminae that is rotated 90° is always the first to crack. This occurs at 37 
percent of the failure strain of the laminae that are aligned with the load, 
meaning that 63 percent is the minimum possible strength reduction in the 
aligned plate aecording to the failure criterion. Even after these 90° laminae 
crack, however, they continue to affect the stress distribution around defects 
in the laminate. The effect of the residual, post-eracking notch-sensitivity of 
such a laminate needs further exploration. 
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Abstract: Genetic Algorithms (GAs) are recognized as an alternative class of 

computational model, which mimic natural evolution to solve problems in a 
wide domain including machine learning, music generation, genetic synthesis 
etc. In the present study Genetic Algorithm has been employed to obtain 
damage assessment of composite structural elements. It is considered that a 
state of damage can be modeled as reduction in stiffness. The task is to 
determine the magnitude and location of damage. In a composite plate that is 
discretized into a set of finite elements, if a j* element is damaged, the GA 
based technique will predict the reduction in and Ey and the location j. The 
fact that the natural frequency decreases with decrease in stiffness is made use 
of in the method. The natural frequency of any two modes of the damaged 
plates for the assumed damage parameters is facilitated by the use of Eigen 
sensitivity analysis. The Eigen value sensitivities are the derivatives of the 
Eigen values with respect to certain design parameters. If cOju is the natural 
frequency of the i'*" mode of the undamaged plate and ( 0 ^ is that of the 
damaged plate, with bcOj as the difference between the two, while bcOj^ is a 
similar difference in the k* mode, R is defined as the ratio of the two. For a 
random selection of E^,Ey and j, a ratio R, is obtained. A proper combination 
of Ej,Ey and j which makes R, - R =0 is obtained by Genetic Algorithm. 

Keywords: genetic algorithm, damage assessment, NDE of composites, vibration 

technique. 



1. INTRODUCTION 

Genetic Algorithm search methods are rooted in the mechanism of 
evaluation and natural genetics. The basic idea is to maintain a population of 
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knowledge structures that represents candidate solutions to the current 
problem. Each member of the population will ideally be a binary string of 
fixed length in which the problem specific information is encoded. The 
population evolves over time through competition (survival of the fittest) 
and controlled variation (recombination and mutation). Theoretical analysis 
have shown that GA exploits the knowledge aceumulated during search in a 
way that efficiently balances the need to explore new areas of the search 
space with the need to focus on high performance regions of the search 
space. 

The basie paradigm is shown in Figure 1 which is based on the method 
proposed by Holland[3] and later extended by Goldberg[4]. 

The population ean be initialized using whatever knowledge is available 
about the possible solutions. In the absence of such knowledge, the initial 
population should represent a random sample of the search space. 




Figure 1. Paradigm of GA 
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Each member of the population is evaluated and assigned a measure of its 
fitness as a solution. When each member in the population has been 
evaluated, a new population is formed using genetic operators. The usual 
genetic operators are : selection, crossover, mutation, dominance, inversion, 
intra chromosomal duplication, deletion, translocation etc. Many different 
algorithms have been proposed which utilize several of these operators. The 
simplest among these known as Simple Genetic Algorithm (SGA), uses 
selection, crossover, and mutation as the genetic operators, and the same is 
proposed for the present study. 



2. PROBLEM FORMULATION 

It is considered that a state of damage can be modeled as a reduction in 
stiffness or in other words as reduction in Young’s modulus, which may be 
local (or global). Now, the task is to determine the severity of the damage 
and its location. 

A laminated composite plate is considered. The plate is divided into a 
number of small elements. Let only the j*'' element be damaged and let E** 
and Ey* be the damaged moduli for that element. The problem can be stated 
as : Can a GA based system predict the reduction in E* , Ey and the location 
j at which this damage has occurred? 

The fact that the ratio of the change in natural frequency (between 
undamaged and damaged) for any two distinct modes is only a function of 
the position of the element damaged (i.e., local damage), is made use of in 
formulating this problem. This can be shown as follows[l]. 

The change in the natural frequency COi of mode i of a structure due to 
localized damage is a function of the position vector of the damage, r, and 
the reduction in stiffness caused by the damage, 5K. Thus 

5cOi = /(5A,r) (1) 

Expanding this function about the undamaged state {5K=Q), and ignoring 
second-order terms, yields 



a/ 

5cOi = /(0,r) + 5A^^(0,r) (2) 

But f(0,r) = 0, for all r, since there is no frequency change without 
damage. Elence, 
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5cOj = ^Kg{r) (3) 

Similarly, 

5cOj = hK g (r) (4) 

■’ j 

Thus, provided that the change in stiffness is independent of frequency. 



5co 

L 

5co 

j 



g.(r) 



g.(r) 

J 



= h{r) 



(5) 



That is, the ratio of the frequency changes in two modes is therefore only 
a function of the damage location. Positions where the theoretically 
determined ratio (8c0i/ 6c0j) equals the experimentally measured value are 
therefore possible damage sites. Suppose the natural frequency of the 
undamaged plate is known. Then, knowing the natural frequency of the 
damaged plate, the ratio of change in natural frequency of the damaged 
plate for two modes can be calculated. Now, the above problem can be 
restated as: 

Given the ratio of change in natural frequency for two modes of the 
damaged plate, can we find out the position j of the damaged element and 
the value of E* and Ey in the damaged state, assuming all other elements are 
undamaged? 

That is, now the problem addressed is a search problem - a search for the 
right combination of Ex, Ey and j such that the new system satisfies the 
given ratio. Mathematically, this can be formulated as follows: 

Let cOiu be the natural frequency of i* mode of the undamaged plate and 
let cOid be the natural frequency of i* mode of the damaged plate under 
consideration. Define 



= 



5c0i 

5c0k 



where 5c0; = coju - coj^j 



( 6 ) 



For a random selection of E*, Ey and j, the ratio defined as above can be 
evaluated for the given plate. Let this be Qc- Now the problem reduces to 
find out the right combination of Ex, Ey and j for which Q, - Qc = 0 
(equivalently Q, / =!)• A solution to a similar search problem is given by 

Cawley and Adams[l] which involves dynamic FEM and a slightly involved 
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procedure but at the end it can only give the location not the degree of 
damage and Johnson[4] whieh is based on Artificial Neural Network(ANN) 
based approaeh. Here, the above search is proposed to be earried out through 
GA which can give the loeation and the degree of damage simultaneously. 



3. PROCEDURE 



It is assumed that the natural frequency of the structure in the undamaged 
state as well as in the damaged state is given. Compare both and if there is a 
difference follow the proeedure given below to locate and quantify the 
damage. 

- Discretize the strueture into a finite number of elements (N). Calculate 
Q( as defined in Eqn. 6 . 



Q. 



ti 



5c0j 

5co2 



and 



Q. 



t2 



80)3 

80)4 



where 8c0j = cOj^ - co^ 



( 7 ) 



and i represents the mode number. 

- Initialize a population eonsisting of an adequate number of members, (30 
to 70 is recommended), which represents possible solution sets. Each 
member is represented as a string formed by eneoding the reduction 
factor of Ex (a) & Ej, ((3) and the position. The first two values are real 
and eontinuous, which varies from 0.0 to 1.0 whereas the third value is 
taken as the element number and is hence an integer, which varies from 1 
to N. Each of these values ean be appropriately encoded as a binary 
string. A discrete approach is used for eoding the a and [3 values. The 
range 0-1 is discretized into a fixed number of levels. That is, if the 
length of the substring for representing a or (3 is fixed as /, there are 2 ^ 
possible combinations for which the decimal equivalent value of the 
substring spans the range 0 - ( 2 ^ - 1 ) and it is normalized by dividing by its 
maximum decimal equivalent value possible ( 2 ^- 1 ) so that the resulting 
value lies in the range 0-1. The three substrings are coneatenated to form 
a population member. If a and [3 and position are represented by strings 
of length h, and I 3 bits respectively, the length of each population 
member (E) is given by L = fi-l- + I 3 . 

- Deeode each member to get the a, [3 and j (position) and ealeulate the 
Qci and Qc 2 as defined below. 



^cl - 



8coi 

8 CO 2 



_ 8013 
8CO4 



and Q 



where 8c0; = coju - cOy (8) 
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and i represents the mode number. 

- Calculate the fitness function which is defined as 



„ ^cl 

'■ ■ o„ 


and ^2 “ Q 


(9) 


where Qti 
The value 


and Qt 2 are the target values supplied by the user (Eqn. 7). 
of fi and f 2 are further tuned by the following scaling: 


fi^ fi 


if 0<fi<1.0 


(10) 


fi^ 2.0 


-fi if 1.0<fi<1.5 


(11) 


fi^ 0.1 


if fi> 1.5 


(12) 



Scaling is done in the same way for f 2 also. Then the fitness value is 
defined as 



Fi = (fi + f2)/2.0 (13) 

where Fj denotes the fitness value of the i* member of the population. 

- Create a mate pool as follows: sort the population in ascending order of 
the fitness value. Then calculate 




(14) 



for each member, where f is the average of fitness values for all 
members. The number of offsprings to be reproduced for each member 
is determined by rounding off the above quantity to the nearest integer. 
Clearly all members having n less than 0.5 will die off. If the total 
number of offsprings thus produced does not match with the population 
size (Psize), one offspring each is given to members from the first member 
onwards until the total population size is reached. 

- Create a new pool by applying the crossover operator as follows: pick a 
copy of member #0 (members are counted from 0 onwards) from the 
mating pool (resulted after reproduction) and select a mate from the pool 
randomly ( i.e., generate a random number between 0 and (Psize-1) )■ 
These two members are subjected to crossover to produce two children if 
a random number generated in the range 0 to 1 is less than the crossover 
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rate, Pc (The recommended range for is 0.7- 1.0). Otherwise the strings 
remain unaltered. Among the different crossover operators such as one- 
point crossover, two-point crossover, uniform crossover etc., one-point 
crossover is implemented for the present work. Assuming that / is the 
string length, it randomly chooses a crossover point that can assume 
values in the range 0 to /-I (bit locations are labeled from 0 to /-I). The 
portions of the two strings beyond this crossover point are exchanged to 
form two new strings (children). The resulted child strings constitute the 
first two members (member #0 and #1) in the new pool. 

For creating member #2 and #3 of new pool, pick member #2 from the 
mating pool and select a mate randomly from the mating pool and subject 
it to crossover. Repeat this for alternate members of the mating pool so 
that a new pool of members (Psize remains constant) is formed. 

- Apply mutation operator as follows: each bit of the string is flipped 
(changing a 0 to 1 or vice versa) independently if a random number 
generated in the range 0-1 is less than the mutation rate (The 
recommended value for P„ is 0.001 to 0.1. The SGA treats mutation only 
as a secondary operator with the role of restoring lost genetic material. 
For example, suppose all the strings in a population have converged to a 
0 at a given position and the optimal solution has a 1 at that position. 
Then crossover cannot regenerate a 1 at that position, while a mutation 
can.). 

- The new population generated after mutation replaces the previous 
generation population and the above procedure is repeated until an 
acceptable solution is found. A solution produced is accepted if both fl 
and f2 for a member are greater than 0.99. 

- Terminate the process if the number of generations reaches 100 (case 
where an acceptable solution was not found within a reasonable number 
of generations). The whole exercise is repeated for another set of 
parameters(Psize, Pc and Pm). 

It is to be noted that the evaluation of a member needs the calculation of 
change in natural frequency for the damage parameters it represents. The 
calculation of the change in natural frequency for the assumed damage 
parameters is greatly facilitated with the use of Eigen sensitivity analysis 
which otherwise needs the costly dynamic FEM computation at every step. 
This is very essential as each generation contains many possible solutions 
and if a FEM analysis is to be done for each member in a given generation, 
the efficiency of GA cannot be realized in any case. 
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4. EXAMPLE PROBLEM 

The strategy and procedure discussed in the previous section for the GA- 
based damage assessment problem is illustrated below. A composite plate 
made of T300-N5208, with geometric dimension 0.5m x 0.5m x 0.002m and 
with properties as given in Table 1 is selected. The plate is discretized into 
100 elements which are numbered as shown in Figure2. The natural 
frequeneies of the plate in the undamaged state is worked out as given in 
Table 2. 



91 


92 


93 


94 


95 


96 


97 


98 


99 


100 


81 


82 


83 


84 


85 


86 


87 


88 


89 


90 


71 


72 


73 


74 


75 


76 


77 


78 


79 


80 


61 


62 


63 


64 


65 


66 


67 


68 


69 


70 


51 


52 


53 


54 


55 


56 


57 


58 


59 


60 


41 


42 


43 


44 


45 


46 


47 


48 


49 


50 


31 


32 


33 


34 


35 


36 


37 


38 


39 


40 


21 


22 


23 


24 


25 


26 


27 


28 


29 


30 


11 


12 


13 


14 


15 


16 


17 


18 


19 


20 


1 


2 


3 


4 


5 


6 


7 


8 


9 


10 



Figure 2. Discretization of the plate (0.5m x 0.5m) 

For the illustration purpose, the plate is damaged at the element number 
26 to the extent 0.4 and 0.6 for E* and Ey respectively (i.e., E* and Ey are 
reduced to 0.4 and 0.6 times their original value at the location 26. See 
Figure 2). The corresponding natural frequencies of the plate, worked out 
through the sensitivity analysis is also provided in Table 2 (column 3). Qti & 
Qt 2 are calculated as defined in Eqn. 7 which come to 0.0995 and 0.303 
respectively. 
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Table 1. Plate properties 



Property 


Value (NW) 


Ex 


86.9 X 10® 


Ey 


48.7 X 10® 


Gxy 


26.03 X 10® 


Vxv 


0.411 



Table 2. Natural frequencies of the plate 


Mode # 


CO - undamaged 


CO - damaged 




(rad/sec) 


(rad/sec) 


1 


571.1491 


570.72 


2 


1068.596 


1064.28 


3 


1266.632 


1265.86 


4 


1768.168 


1765.62 



The search variables are the a, [3, and position, where a is the reduction 
in Ex and [3 is the reduction in E,,. A binary string of length 17 (17 bits) is 
formed (Figure.3). 



0 


1 


2 


3 


4 


5 


6 


7 


8 


9 


10 


11 


12 


13 


14 


15 


16 








[±] 




[±] 




[±] 


[!□ 


[±] 


[IJ 




[f] 




[f] 




LlJ 



Figure 3. T 5 ^pical member of the population 



First 5 bits represent a, the next 5 bits represent (3 and the last 7 bits 
represent the position of damage (element number). Exact values of a and [3 
are calculated by dividing the integer value of the first 5 bits and that of the 
next 5 bits by 2^ respectively. The position is obtained by calculating the 
integer value of the last 7 bits. 



5. DISCUSSION 

The application of GA, reported herein, shows its potential for system 
identification problems. The problem was formulated in a simplified way by 
adopting two assumptions - the damage was defined as reduction in stiffness 
which is the consequence of different damage modes, and only one element 
was allowed to be damaged. The exercise is essentially of iterative nature but 
better and better knowledge is extracted after each generations based on the 
previous experience. This makes GA distinct from other techniques. The 
critical factor is having an appropriate evaluation function. Quite often, some 
kind of simulation is needed to arrive at this, for example, evaluating the 
natural frequencies of the plate under the assumed damage state. Provided 
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there is a suitable evaluation function, the strategy is independent of type, 
geometry and other parameters of the structure. This gives another potential 
point to GA compared to the ANN approach where the strategy is very much 
dependent on the structure, i.e., to devise a leamt ANN for a general class of 
structure is extremely difficult, if not impossible. But the advantage with 
ANN approach is the instantaneous nature of the output from a leamt 
network, which makes it suitable for real time monitoring. 

Though the plate considered in the example problem is symmetrical, the 
symmetry is not considered (The ratios defined will be same for symmetric 
elements). This is in order to make the solution space complex for 
illustration purpose. This point also shows that the strategy adopted presently 
can result in a loci of candidate locations for a symmetric stmcture. 

Experiment with other damage location and damage severity was 
repeated for 15 cases, results for which are presented in Table 3. It can be 
seen that, in all the cases, position of the damaged element was located 
exactly and the estimated damage severity was closer to the actual value. 
Further attention was paid to the effect of the GA specific parameters - 
Population size. Crossover rate, and Mutation rate on the performance of the 
GA based system. Another example is chosen, in which the 88* element is 
considered to be damaged to the extent a= 0.6 and 0.4. The Psize, Pc and 
Pm are varied and the experiment is repeated to study the effect of each of the 
parameters on the performance of GA. In each case, two plots are generated: 
generations vs. best fitness, and generations vs. improvement. Best fitness is 
the largest fitness value attained within a generation. Improvement is defined 
as the ratio of the average fitness of the current population to the average 
fitness of the previous population. Average fitness is the average of the 
fitness of all members within a generation. 
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Table 3. Typical results 



Sl.No 


Actual values 
(el. no, a, P ) 


Obtained values 
(el. no, a, P ) 


No. of 
generations 


Remarks 


1 


(37, 0.55, 0.48) 


(37,0.548, 0.484) 


4 


Psize= 30 


2 


(46, 0.6, 0.8) 


(46, 0.677, 0.838) 


14 


Pe=0.8 


3 


(75, 0.55, 0.75) 


(75, 0.483,0.64) 


53 


P„ = 0.05 


4 


G8, 0.71, 0.81) 


(78, 0.87, 0.94) 


62 


for all cases 


5 


(56,0.75,0.55) 


(56,0.678,0.355) 


14 




6 


(6, 0.88, 0.44) 


(6,0.839,0.419) 


11 




7 


(70, 0.66, 0.33) 


(70, 0.87, 0.484) 


5 




8 


(70, 0.57, 0.87) 


(70, 0.6, 0.52) 


16 




9 


(97, 0.82, 0.72) 


(97,0.9,0.65) 


34 




10 


(88,0.63,0.35) 


(88,0.61,0.45) 


12 




11 


G3, 0.8, 0.8) 


(73, 0.678, 0.48) 


32 




12 


(33, 0.4, 0.7) 


(33, 0.29, 0.6) 


23 




13 


(52, 0.55, 0.75) 


(52, 0.163,0.452) 


8 




14 


(78, 0.6, 0.7) 


(78, 0.645,0.742) 


40 




15 


(78,0.71,0.81) 


(78, 0.87, 0.94) 


62 





6. CONCLUSIONS 

The problem that is solved with GA is complex. Based on the change in 
measurable system properties (natural frequencies here), it is required to 
locate the damage and assess the extent of damage. With the novel 
formulation of this problem, capability of GA has been demonstrated to 
carry out the above task very efficiently which affirms the possibility of a 
wider application domain for GA. 



References 

[1] Cawley, P. and Adams, R.D., “The location of defects in structures from measurement of 
natural frequencies”, J. Strain Analysis, Vol.l4, No. 2, 1979, pp.49-57. 

[2] Goldberg,D.E., Genetic algorithms in search, optimization and machine learning, 
Addison-Wesley, Reading, Mass., 1989. 

[3] Holland,!., Adaptation in natural and artificial systems, Univ. Michigan Press, Ann 
Arbor, Michigan, 1975. 

[4] Johnson, V.T., Biologically Inspired Computational Methods(BICMs) in the structural 
design and damage Assessment of composites, PhD thesis, Indian Institute of Science, 
1997. 
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Abstract: In this paper application of genetic algorithm for estimation of parameters for a 

mathematical model of hydrodynamic transmission system was introduced. 
The measurements needed for estimation procedure were performed on the test 
rig. The modeling errors of hydrodynamic transmission system obtained by 
using genetic algorithm are comparable with the values which were obtained 
by using the Monte Carlo method. As a result it was concluded that a genetic 
algorithm can be successfully applied to identify hydrodynamic transmission 
system. 

Keywords: Genetic algorithm, identification, estimation of parameters, hydrodynamic 

transmission system. 



1. INTRODUCTION 

Hydrodynamic transmission system (HTS) is a system utilizing 
hydrodynamic torque converter (HTC) as the means of matching 
characteristics of the engine to characteristics of machinery and vehicle 
traction. Due to HTC’s ability to automatically adjust to the applied load this 
type of transmission system is particularly useful in devices that work under 
constantly changing load and operating conditions. Additionally HTC 
decreases dynamic loads and dampens torsional vibrations which 
significantly improves the durability of the device. The design problems of 
new drive systems of machinery and vehicles including new HTS are still 
open issues mostly because of introducing to the market ecological engines: 
combustion engines with low rotational speeds or engines fueled by 
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alternative fuels such as alcohol or colza oil. Characteristics of these engines 
are significantly different than characteristics of currently used engines. 
Therefore it forces development of new constructions of HTS. Identification 
methods are used during a design process of HTS. 

Identification process of mechanical objects contains modeling, 
experiment, estimation and verification. 

Industrial experience shows that practically there is a significant 
discrepancy between actual characteristics of HTS and characteristics 
assumed by the designer. The degree of discrepancy depends on obtained 
precision of applied mathematical model and on errors created during 
identification of mathematical model which are caused by large fabrication 
errors of bladed wheels. 

One of the effective methods for improving the precision of mathematical 
modeling is careful estimation of model parameters. 

This paper compares two estimation methods of mathematical model of 
HTS, Monte Carlo method and genetic algorithm method. An analysis was 
performed for two HTS modeled on test rig equipped with HTCs, which 
differed in size and type of working fluid flow through the bladed wheels. 



2. MATHEMATICAL MODEL OE HTC 

Assuming that shaft flexibility is negligible, a steady state motion of HTS 
can be described by two torque equations such as: 

M,=M;, M,=M,, (1) 

where: Ms - torque of driving engine, Mr - torque of external resistance, Mi, 
M 2 - bladed wheels motion torque of HTC’ s pump and turbine. 

Torques of bladed wheels are developed based on theory of average 
stream under typical assumptions [1, 2]. It is assumed that fluid flow in 
working space of HTC is a single-dimensional stream, that flows along 
average line of bladed wheel channels and has average parameter values of 
all streams which in turns give overall fluid flow. Furthermore in order to 
increase precision the following were assumed [3]: 

• Viscosity and density of working fluid depend on fluid 
temperature. 

• Volume of stream of working fluid is constant. 

• Inlet and outlet angles of fluid flow from channels of bladed 
wheels are in agreement with the curve shape of blades. 

• Fluid flow losses in channels determined for i-nth bladed wheel 
by a coefficient of flow losses 8i are dependent on the type of 
flow, whether the flow is laminar or turbulent. 
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• Stroke losses of fluid stream against blades, determined for i-nth 
bladed wheel by coefficient of stroke losses (|)i are dependent 
linearly on stroke angle tti according to equation: 

=au,i +bu,i«u,i. (2) 



where: , b^j ; - constant coefficients. 

An equation of power balance of HTC is usually added to the torque 
equations. After considering the components of motion torque of bladed 
wheels, the mathematical model of HTS is taking a form of [2] : 



M,=Mhi+Mdi+Mti 

M,=Mh2-Md2-M(2 (3) 

p (ajcof + a2«)2 + ajQ^ + a4C%Q + a5C02Q + a6C0[C02 )-Pch/Q=o 

where: Mhi, Mhi - hydraulic torques created by fluid flow in working space 
of bladed wheels, Mji, Md 2 - torques of rotating elements submerged in fluid, 
Mti, Mt 2 , - torques of friction in bearings, ®i, ®2 - angular velocities of 
bladed wheels of turbine and pump, Q - volumetric fluid current in working 
area, p - density of working fluid, aj,...., ag - constants dependent on 
working area of bladed wheels, Pch - flow losses in channels of bladed 
wheels. 

In the model, three of the above mentioned elements can be taken as 
independent variables: angular velocity of bladed wheels of pump and 
turbine ®i, ® 2 , , torques and volumetric fluid current flow in working 

area Q. 



3, EXPERIMENTAL STUDY OF HTC 

In order to estimate parameters of mathematical model of HTS 
experimental studies were performed for two HTS systems with HTC type 
PH-280 and U 35801 IE. In this study typical experimental stations modeling 
steady state motion of HTS were used. Applied HTCs differed in active 
diameters, flow through bladed wheel of turbine and curve run (increasing 
and decreasing) of torque coefficient A.=/(ik) determined by equation: 
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>. = M,/pD"(Oi^ (4) 

where: ik = CO 2 /® i - speed ratio of HTC, D - active diameter of HTC. 

The above mentioned differences resulted with different modeling 
accuracies of HTS with these HTCs. 

In this experiment rotational velocities of input (®i) and output (® 2 ) shaft 
of TS and average inlet temperature of working fluid to the HTC were 
assumed as input data. Studies were performed for constant angular velocity 
of inlet shaft ®i equal to nominal velocity of HTS for three temperature 
ranges of working fluid. For each temperature range full cycle study was 
performed. During the study cycle the angular velocity of input shaft 
remained constant and the angular velocity of output shaft was changing in 
such a way that the already assumed values of speed ratio ik were obtained. 
For each measuring point predetermined in the above way, torques on input 
and output shaft and HTC inlet temperature T of working fluid were 
recorded. Measurements were performed for ik changes in a range of 0 to 1 . 

As a result of the experiment steady-state characteristics of HTS were 
obtained (calculated based on measured data) for assumed temperature range 
of working fluid in a form of: 



i,=f(ik); Ti = f(ik); ^ = f(ik) (5) 



where: i^ = Mj. / - torque ratio, il = ikid " efficiency. 



4. PARAMETER ESTIMATION OF HTC MODEL 

Parameter estimation of a mathematical model of a transmission system 
depends on obtaining values of selected mathematical model parameters for 
the predetermined model structure based on the results of the performed 
experimental study. Estimation was performed based on an algorithm that 
allows obtain optimum quality of the model determined by model quality 
criteria. 

Up to now, stroke loss coefficient and flow loss coefficient were assumed 
as the estimated parameters in typical mathematical models of HTS [4]. For 
the analyzed model the following estimated parameters were assumed [3]: 

• Flow loss coefficient 8i, the same for all bladed wheels, but this 
coefficient takes different values for laminar flow (Re<2300) and 
turbulent flow (2300<Re<80,000). 

• Coefficients au,i, bu,i of linear equation determining stroke loss 
coefficient Oi, but parameter bu,i may have two different values 
dependent on sign of stroke angle Uu,i. 
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• Mechanical efficiency of bladed wheels of pump and turbine - r|ni,i, 

Pm,2- 

Overall there were 13 parameters. 

Values of the estimated parameters remained in the same ranges as 
parameters used in actual constructions or recommended by literature. For 
the need of parameter estimation of HTS with FITC type PFI-280 model all 
13 parameters were used because this FITS is difficult to model. For FITS 
with HTC type U 35801 IE the number of parameters were decreased to 7 
assuming that coefficients bui are equal to zero. 

The differenee between tangent characteristics of TS calculated based on 
the model and the characteristics obtained based on experimental study was 
assumed as the quality criteria of the model, defined as: 






1 1 






r=l m=l "'m y k=l 



N, 



mo j 

+ 7 max 

“ Nn, k=l,k„ 
m=l ni o 



v"’'" -v’'’’" 

^ m ^ m 



]} 



( 6 ) 



where: y - output value obtained from the model, y - output value obtained 
from the experiment, rrio - number of output values, ro - number of studied 
input data, Iq, - number of measurements of output data, Nm - value 
normalizing m-th output signal. Study case parameter were: yi = Ms, 
j 2 =M„ mo = 2; for rrio = 1 , N„ = id, for rUo = 2 = 1 . Also for FITS with 

HTC type PH-280, Iq, = 22, r„ = 6, and for HTC type U 35801 IE Iq, = 11, 
ro = 3. The quality criteria (6) should accept a minimum value. 



5. ESTIMATION COURSE AND RESULTS 

Static equation of a mathematieal model of HTS is complex. Therefore it 
is impossible to create a simple mathematical formula to define quality 
criteria as a function of estimated parameters. A solution can be obtained 
only through application of numerical methods. Monte Carlo method and 
genetic algorithm were applied for minimization of quality criteria. 
Calculations were performed based on computer programs written in Turbo 
Paseal 7.0 programming language. 

Monte Carlo method. Application of this method for parameter 
estimation relied on random selection of parameters from their assumed 
value ranges. The value of quality eriteria was calculated for eaeh set of the 
selected parameter. From the set of selected parameter values and the values 
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of quality criteria the minimum quality criteria values were recorded and 
saved. Calculations were aborted when after 1000 consecutive random 
selections quality criteria did not change. A set of estimated parameters that 
assured the best approximation of steady state characteristic of studied HTS 
by mathematical model was considered as the set which gave the smallest 
value of quality criteria K^n from all computer model simulations. 

Genetic Algorithm. In this case a genetic algorithm was applied to 
obtain parameter values assuring minimum value of quality criteria 
according to the formula from [6] . 

Values of the estimated parameters were rescaled to a range of 0 to 1. 
Each parameter value was coded into a ten bit binary word, therefore for 
each parameter ten bits were assigned within a single binary chromosome. 
The binary chromosome contained 70 bits for HTS with HTC type 
U 35801 IE and 130 bits for HTS with HTC type PH-280. Fitness function F 
defined as inverted value of quality criteria of our model (6), F = 1/K. The 
tournament method was used for chromosome selection. Crossover 
probability pk was assumed as 0.8 or 0.9 and mutation probability pm was 
assumed to be 0.01. Calculations were performed on populations containing 
N = 50 and N = 100 binary chromosomes. The genetic algorithm computer 
program was repeatedly run 10 times for each combination of parameters. 
Calculations were aborted when the fitness function did not change its value 
for 1000 consecutive iterations. For each studied HTS, the binary 
chromosome having the highest value of fitness function obtained during all 
program runs F^ax (minimum value of quality criteria) was de-coded 
obtaining optimal set of parameters guaranteeing the best approximation of 
static characteristic of studied HTS by mathematical model. 

Maximum values of the fitness function F„ax obtained during calculations 
and generation numbers where they occurred ni „,ax are provided in Table 1 . 



Table 1. Maximum values of fitness function obtained during calculations 



TS with HTC type 


N 


Pk 


F 

max 


mnx 


PH-280 


100 


0,9 


0,05891520 


1362 


PH-280 


100 


0,8 


0,05598753 


1400 


PH-280 


50 


0,9 


0,05147303 


1087 


PH -280 


50 


0,8 


0,05081254 


1125 


U 358011E 


100 


0,9 


0,17160284 


2257 


U358011E 


100 


0,8 


0,17120800 


2202 


U358011E 


50 


0,9 


0,17091729 


2186 


U358011E 


50 


0,8 


0,17020988 


2107 



Figure 1 shows convergence of applied minimization methods of quality 
criteria. The characteristics graphs were prepared for the computer 
simulation where minimal quality criteria was obtained. 
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Figure 1. Convergence of minimization methods of quality criteria K for the studied HTS 

1 - Genetic algorithm, HTS with HTC type U 35801 IE; 

2 - Genetic algorithm, HTS with HTC type PH-280; 

3 - Monte Carlo method, HTS with HTC type PH-280; 

4 - Monte Carlo method, HTS with HTC type U 35801 IE. 



6. VERIFICATION OF CALCULATION RESULTS 



In order to evaluate the usefulness of estimation procedure of 
mathematical model of HTS, verification was performed through 
comparison of steady-state characteristics curves (5) calculated from 
mathematical model and the curves obtained from experimental studies. 
Maximum relative error was assumed as a measure of divergence between 
the results of the experiment and the results of the model calculations 
assumed. The maximum relative error was defined as: 



Sx,max = rnax 




100 %; 



( 7 ) 



where: x - corresponds to i^j = f(ij^) and ?i = f(ii^), but superscript index 
means: m - value obtained from static characteristic calculated based on 
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a model with optimal parameters obtained from estimation for the analyzed 
ik, e - value obtained from static characteristic based on experiment for the 
same ik. 

Table 2 shows maximum relative error values of steady-state 
characteristics (5) of the studied HTS calculated according to (7) by the 
application of the Monte Carlo method to minimize the quality criteria. 



Table 2. Relative error values steady-state characteristic of HTS with estimated 

parameters by Monte Carlo method 



coi [rad/s] 


T range [°C] 


^ij,max [ 


^A,max [ 


HTS with HTC type PH-280 


210 


16-21 


4,42 


6,57 


62-68 


3,57 


5,67 


94-104 


3,68 


5,50 


Arithmetic average 


4,90 


HTS with HTC 


type U 35801 IE 


105 


20-21 


2,42 


5,91 


50-52 


2,22 


3,36 


70-75 


2,16 


3,28 


Arithmetic average 


3,22 



Table 3 shows the error values obtained using genetic algorithm. 



Table 3. Error values <J„ax steady-state characteristics of HTS with estimated parameters 
by genetic algorithm 



coi [rad/s] 


T range [°C] 


^ij,max [ 


^A,max [ 


HTS with HTC type PH-280 


210 


16-21 


4,14 


6,1% 


62-68 


4,66 


4,81 


94-104 


3,92 


4,65 


Arithmetic average 


4,83 


HTS with HTC 


type U 35801 IE 


105 


20-21 


4,73 


6,20 


50-52 


3,16 


3,19 


70-75 


2,89 


2,62 


Arithmetic average 


3,80 



Figure 2 and Figure 3 present examples of steady-state characteristics (5) 
of FITS with ITTC type U 35801 IE. The theoretical characteristics were 
calculated by applying in mathematical model optimal parameters obtained 
from the Monte Carlo method and from the genetic algorithm. The 
experimental characteristics were calculated based on measured data. 
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Figure 2. Steady-state characteristic of HTS with HTC type U 35801 IE: 

from mathematical model estimation by applying the Monte Carlo method , 

■ - from experimental studies. 




Figure 3 . Steady-state characteristics of HTS with HTC t5^pe U 35801 IE: 

from mathematical model estimation by applying the genetic algorithm, 

■ - from experimental studies. 
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1. CONCLUSIONS 

Mathematical model of HTS is based on an average stream model which 
in its basic form doesn't take into account many factors that have significant 
influence on HTS characteristics. In order to improve modelling accuracy 
the model was expanded by considering a variety of factors e.g. gap widths 
between bladed wheels. This type of modification usually doesn't provide 
expected improvement of modelling accuracy. For example, analysis 
described in [4] shows maximum modelling error of steady-state 
characteristics of HTS with HTC type ZM-130 equal to 40%. The error 
values obtained from HTS modelling with an application of the Monte Carlo 
method (Table 1) to minimize quality criteria were comparable with the ones 
obtained by the use of genetic algorithm (Table 2), but the genetic algorithm 
takes significantly fewer iterations. 

Therefore, the genetic algorithm can be successfully applied to the HTS 
identification process. The genetic algorithm can also be used to optimise the 
HTS construction, because the construction optimisation uses the same 
methods of minimization of quality criteria. 

Further dissertations for this subject shall study capabilities of more 
advanced forms of genetic algorithm applications for modelling accuracy 
improvements. 
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Abstract: The paper applies a computer-based method involving evolutionary search and 

Pareto optimization to investigate the load-path safety of high-rise commercial 
office buildings against progressive collapse under abnormal loading. The 
study was motivated by the progressive-collapse failure of the twin towers of 
the World Trade Center in New York on September 11, 2001. The assessment 
of load-path safety against progressive collapse is based on the degree of force 
redundancy that the structural system of a building has. A Pareto-optimal 
tradeoff surface formed by a population of conceptual designs for a particular 
office building project is established in the 3D-space of capital cost, operating 
cost and income revenue. Computer gray-scale filtering of the cost-revenue 
tradeoff surface is employed to highlight the relative safety of the different 
building designs. The paper concludes with some general remarks concerning 
the design of buildings to withstand or delay progressive collapse under 
abnormal loading. 

Keywords: high-rise office buildings, load-path safety, progressive collapse, evolutionary 

search, Pareto optimization 



1. INTRODUCTION 

The tragic failure of the twin towers of the World Trade Center in New 
York due to terrorist attack on September 11, 2001, will place significant 
onus on designers of future high-rise marquee buildings to explicitly ensure 
specified levels of safety against progressive collapse under abnormal 
loading (impact, blast, fire, etc.). For the particular situation where 
progressive collapse is triggered by the floor system disengaging from its 
supports over all or part of the building footprint at a localized story level, as 
appeared to be the case for the World Trade Center, designers can strive to 
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meet this progressive -collapse safety objective by specifying load-carrying 
structural systems that have smaller bay areas so as to increase the numbers 
of girders/columns/shearwalls supporting the floor system. This, and the 
adoption of floor systems that are well connected to the supporting 
superstructure, will result in buildings that have high force redundancy and 
thus enhanced load-path safety against progressive collapse. 

This paper investigates load-path safety for an example high-rise office 
building project. A multi-criteria genetic algorithm is applied to create a 
number of alternative Pareto-optimal conceptual designs for the building that 
together form the optimal cost-revenue tradeoff surface in the 3D-space of 
capital cost, operating cost and income revenue. The calculation of income 
revenue is based on the premise that larger and more open office space with 
lots of windows commands a higher annual lease rate. A load-path 
redundancy function is applied to determine the safety potential of the 
different building designs. Computer gray-scale filtering of the cost-revenue 
tradeoff surface is employed to highlight the building concepts having the 
greatest load-path safety potential against progressive collapse under 
abnormal loading. Filtering of the tradeoff surface is also used to identify 
compromise designs having intermediate profit and safety potentials. The 
work is based upon a computer-based procedure for conceptual design of 
engineered artifacts developed by the authors [3]. 



2. EXAMPLE HIGH-RISING BUILDING 

Table 1 lists the parameter values governing an example office building 
design project [4]. The costs of columns, bracing and shear walls for the 
building are defined by the unit costs for steel, concrete, reinforcement and 
forming, while floor and sfaircase costs are defined by US national averages 
[5]. The building mechanical and electrical systems costs include those for 
all-air FIVAC systems, electric-traction elevators and fluorescent lighting. 
The geographical and environmental information apply for a city in North 
America. The load information is specified by the National Building Code of 
Canada [6]. Seismic loading is not accounted for. The building architectural 
systems are specified such that the column lines are regularly spaced in two 
orthogonal-plan directions. The floor fype and depth are taken the same for 
all stories. The building plan layout, service core area, and fioor-to-fioor 
height are specified to be the same for all stories. Table 1 lists the limitations 
imposed on the building dimensions, as well as on the aspect and slenderness 
ratios for the building. 
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Table 1. Governing parameters for office building design 



Parameter 


Value 


Location Information 




Land Unit Cost (US$/m^) 


12000 


Range of Annual Lease Rates ($/m'^/yr) 


300-540 


Maintenance (%capital cost) 


2 


Taxes (%building value) 


5 


Mortgage Rate (%) 


10 


Inflation Rate (%) 


3 


Unit Costs 




Structural steel ($/ton) 


2039 


Concrete (S/m"*) 


143 


Reinforcement ($/ton) 


1400 


Forming (S/m'^) 


45 


Roofing ($/m^) 


63 


Finishing ($/m^) 


130 


Plumbing ($/m^) 


45 


HVAC Boiler ($/kW) 


225 


HVAC Chillers ($/kW) 


715 


Energy-Electric ($/mWhr) 


100 


Energy-Gas ($/mWhr) 


40 


Electrical (S/m'^) 


121 


Elevators, cladding, windows ($/avgUS$) 


1 


GEOGRAPHICAL & ORIENTATION INFORMATION 




Latitude (Degree North) 


40 


Angle of building with East (Degree) 


0 


ENVIRONMENTAL INFORMATION 




Clear Sky Percentage (%) 


75 


Hot Day Relative Humidity (%) 


80 


Cold Day Relative Humidity (%) 


50 


Inside Temperature (C '’) 


22 


Average Maximum Outside Temperature (C ") 


31 


Average Minimum Outside Temperature (C “) 


-20 


Hot Day Temperature Range (C ") 


10 


Cold Day Temperature Range (C“) 


10 


LOAD INFORMA TION 




Applied Dead Load (kNW) 


1.45 


Gravity Live Load (kN/m^) 


2.80 


Wind Load Pressure (kPa) 


0.48 


Seismic Load 


N/A 


Building Limitations 




Maximum Footprint Length (m) 


70 


Maximum Footprint Width (m) 


70 


Maximum Building Height (m) 


300 


Minimum Floor/Ceiling Clearance (m) 


3 


Fixed Core/Footprint Area (%) 


20 


Minimum Core/Perimeter Distance (m) 


7 


Minimum Lease Office Space (m'^) 


60,000 


Maximum Length-to-Width Aspect Ratio 


2 


Maximum Height-to-Width Slenderness Ratio 


9 
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Table 2 lists the ten ehoices possible for the load-resisting structural 
system for the building, along with the different choices possible from 
among eight floor system types, eight numbers of colu mn bays in either plan 
direction, sixteen bay widths in either plan direction, four window types, 
sixteen window ratios, and four exterior cladding types. 



Table 2. Primary variables for office building design 



Index 


Structural System 
Type 


Floor System 
Type 


Bay 

Number 

(x,y) 


Bay 

Width 

(m) 


Window 

Type 


Window 

Ratio 

(%) 


Cladding 

Type 


1 


Concrete m-frame 


Concrete flat plate 


3 


■ 


Standard 


25 


PC 

concrete 


2 


Concrete m-frame 
& shearwall 


Concrete flat slab 


D 


5.0 


Insulated 


30 


Metal 

panel 


3 


Concrete framed 
tube 


Concrete waffle 
slab 


5 


5.5 


Standard 

HA 


35 


Stucco 

wall 


4 


Steel OT-frame 


Concrete beam & 
slab 


6 


6.0 


Insulated 

HA 


40 


Glazed 

panel 


5 


Steel g-ffame & 
bracing 


Composite steel 
beam & concrete 
slab 


7 


6.5 




45 




6 


Steel OT-ffame & 
bracing 


Steel joist & beam 
& deck & 

concrete slab 


8 


7.0 




50 




7 


Steel g-ffame & 
concrete shearwall 


Steel beam & 
composite deck St 
concrete slab 


9 


7.5 




55 




8 


Steel OT-ffame & 
concrete shearwall 


Composite steel 
beam & deck St 
concrete slab 


10 


8.0 




60 




9 


Steel g-ffame & 
bracing & 

outriggers 






8.5 




65 




10 


Steel framed tube 






9.0 




70 




11 








9.5 




75 




12 








10.0 




80 




13 








10.5 




85 




14 








11.0 




90 




15 








11.5 




95 




16 








12.0 




100 





g = gravity ; m = moment ; HA = Heat Absorbing ; PC = Pre-Cast 



The ranges of available choices for architectural and structural systems 
listed in Table 2 allow for millions of design concepts for the building, albeit 
most are infeasible. An evolutionary search technique is employed in the 
following to identify a subset of feasible designs that are Pareto-optimal in 
the sense that for each such design there does not exist any other feasible 




























































































STUDY OF SAFETY OF HIGH-FUSE BUILDINGS USING.. . 



157 



design for the building that simultaneously has smaller capital and operating 
costs and larger income revenue. 



3. PARETO OPTIMIZATION 

A set of optimal feasible design concepts for the building is found by 
formulating and solving the multi-criteria optimization problem [3]: 

Minimize: {Capital Cost ; Operating Cost ; Income Revenue} (la) 

Subject to:(Dimensional, Availability & Performance Requirements} (lb) 

In Eq.(la), the three cost-revenue objective criteria to minimize initial 
capital cost, annual operating cost and 1 /annual income revenue (i.e., 
maximize annual income revenue) for the office building are functions of the 
governing parameters and variables for the design listed in Tables 1 and 2. In 
Eq.(lb), the dimensional restrictions are defined by the building limits listed 
in Table 1, the availability limitations are defined by the ranges of design 
variable values listed in Table 2, and the performance requirements ensure 
that columns, bracing, shear walls and floor systems satisfy design code 
provisions [1,2] under the action of axial, flexural and shear forces 
calculated using approximate structural analysis for code-specified 
combinations of dead, live and wind loading [6]. 

The Pareto optimization problem posed by Eqs.(l) is solved using a 
multi-criteria genetic algorithm (MGA), to find Pareto-optimal building 
designs that are each not dominated for all three cost-revenue objective 
criteria by any other possible feasible design. The genetic data and operators 
adopted for the MGA are: population size = 1000 building design concepts 
(encoded as binary bit-strings); reproduction = weighted roulette -wheel 
simulation (proportionate fitness selection); crossover = two-point, with 
100% probability; and mutation = single-bit, with probability that decreases 
from 5% to 0% over successive generations of the evolutionary search. The 
genetic operators are applied generation-after-generation to the population of 
designs until, guided by cost-revenue fitness evaluations, the Pareto-optimal 
design set for the building is found to remain the same for a specified 
number of consecutive generations, at which point the evolutionary search is 
terminated. 
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4. BUILDING DESIGN RESULTS 

The MGA evolutionary search finds 815 Pareto designs that together 
define the optimal cost-revenue tradeoff surface depicted in Figure 1 in the 
3D-space of capital cost, operating cost and 1/income revenue for the 
building [4]; each of the dots corresponds to a different design of the 
building. Computer gray-scale filtering of the cost-revenue tradeoff surface 
is carried out in the following to identify zones occupied by building 
concepts having different load-path safety potential against progressive 
collapse. 




Figure 1. Optimal cost-revenue trade-off surface 

Flaving the numbers of bay areas and columns that define the plan 
footprint of each Pareto-optimal building design, the corresponding load- 
path safety potential against progressive collapse triggered by the failure of 
the entire floor system at a localized story level is assessed by evaluating the 
foree redundancy function 



R = { C * ( Number of Bay Areas + Number of Columns - 1) } 



( 2 ) 
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where R = the degree of force redundancy (indeterminacy) at any one story 
level of the building, and C = the degree of force connectivity between the 
floor system and the girders/columns/shearwalls (e.g., C = 6 indicates full 
bi-axial moment, bi-axial shear, axial and torsional force connectivity of the 
floor system in all bay areas). The greater the value of R from Eq.(2) the 
greater is the load-path redundancy of the building and, hence, the greater is 
its load-path safety potential against progressive collapse under abnormal 
loading. The relative load-path safety of each building is characterized by a 
safety index calculated as 

Safety Index = R / R"'“^ (3) 

where is the maximum load-path redundancy from among all buildings 
in the Pareto-optimal design set. From Eq.(3), the building for which R = 
R"'“^ has the greatest Safety Index = I, while buildings for which R < R"’“^ 
have smaller Safety Index < 1. 

The gray-scale filtered graphic of the optimal cost-revenue tradeoff 
surface shown in Figure 2 highlights zones of different load-path safety 
among the 815 Pareto designs for the building (these results were 
determined through Eqs. (2) and (3) assuming that the degree of connectivity 
between the floor system and its supporting girders/columns/shearwalls is 
the same for all buildings). Figure 2 indicates that but a few buildings have 
the greatest safety potential {Zone 4), the circled one of which is shown in 
Figure 3. This building has the largest load-path redundancy from among all 
Pareto designs {R = R’”‘“) because it has the smallest bay areas (5m x 5m = 
25 m^) and, consequently, proportionally larger numbers of girders and 
columns available to carry loads. 
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Figure 2. Building load-path safety 



Structure: Steel moment frame & concrete shearwalL 

Floor: Steel joist & beam & deck & concrete slab 

Number of floors: 3 1 

Height: 116m 

Footprint: 50m x 50m 

Bay area: 5m x 5m 

Core area: 20.6m x 24.3m 

Elevators: 21 

Staircases & width: 2 @ I.lm 
Window : Insulated heat absorbing 
Window ratio: 25% 

Cladding: Metal siding panel 
Lease office space: 60000m^ 

Annual lease rate: $305/m^ \ 

\ 

Initial capita! cost: S100.62M 
Annual operating cost: S8.6M 
Annual revenue income: SI8.3M 



-Core. Sheanvall 



V/ 



Safety Index: 1 .0 ( R = 220* C ) 



Figure 3. Safest building 
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5. CONCLUDING REMARKS 

Examination of the Pareto-optimal design results reveals that the 
buildings with the greatest safety potential have both lower initial capital 
cost and lower annual operating cost than buildings with the highest annual 
income revenue. This is because the floor and fa9ade capital costs and the 
HVAC operating costs are greater for the latter buildings by virtue of their 
larger bay areas and window ratios. Moreover, the results also reveal that the 
load-path redundancy of buildings with higher annual income revenue can 
be as little as one-third that for the safest buildings; that is, they have 
somewhat less safety potential against progressive collapse under abnormal 
loading. Indeed, the safest buildings and those with the greatest annual 
income revenue represent extremes of the set of designs forming the optimal 
cost-revenue trade-off surface, in the sense that the highest-revenue 
buildings have almost the least safety potential against progressive collapse 
while the safest buildings have almost the least profit potential over time. 
Perhaps a design that represents a compromise between the two would be a 
better choice for the building project. In fact, there are multiple alternative 
Pareto-optimal building designs that have significantly higher safety 
potential than the highest-revenue buildings and significantly higher profit 
potential than the safest buildings. To illustrate this, further filtering of the 
Pareto set identifies the cluster of building designs circumscribed by a box in 
Figure 1 to have twice the safety and profit potential as the highest-revenue 
and safest buildings, respectively. 
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Abstract: This paper describes the topology and the shape optimization scheme 

of continuum structures by using genetic algorithm (GA) and boundary 
element method (BEM). Structure profile is defined by the help of spline 
function surfaces. Then, the genetic algorithm is applied for determining 
the structure profile satisfying the design objectives and the constraint 
conditions. The present scheme is applied to minimum weight design of 
two-dimensional elastic problems in order to conhrm the validity. 

Keywords: topology and shape optimization, genetic algorithm (GA), boundary 
element method, spline function, two-dimensional elastic problem 

1. INTRODUCTION 

Many researchers have been studying the application of genetic al- 
gorithm to the structural optimization [3, 6]. In the existing studies, 
structural profiles are represented with cells or function curves. In the 
cell scheme, the design domain is divided into small square cells. In the 
function-curve scheme, structural profile is represented with a function 
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curve such as Bezier or spline function. They have some difficulties. In 
the cell scheme, structures have the zigzag-shaped profiles and there- 
fore, it is necessary to convert the zigzag-shaped profile to smooth one 
because only the data of smooth profiles are necessary at the design 
and development processes of the structures. Besides, the number of 
design variables increases in proportion to the number of cells. When 
the object is a large-scale structure, the number of design variables be- 
comes numerous. On the other hand, in the function-curve scheme, it is 
difficult to represent the topology change of the structure. 

For overcoming the difficulties, this paper describes the scheme that 
the boundary profile of a two-dimensional structure is drawn as the 
profile of the cross-section between the three-dimensional spline surface 
and a cutting plane which is orthogonal to z-aix. The profiles can be 
represented by a smaller number of the variables than the cell scheme 
and, unlike the function-curve scheme, the structural topology can be 
represented without a special design variable for the topology. Finally, 
the present scheme is applied to a numerical example. 

2. STRUCTURAL PROFILE 
REPRESENTATION 

The profile representation scheme of the present method is shown in 
Fig.l. 

(a) A system of orthogonal coordinates is taken and lattice points are 
placed on x—y plane. The coordinates of a lattice point are defined 
as Tri). 

(b) Control points are taken to control the spline surface and the co- 
ordinates of a control point are as {Xm,Yn, Zmn)- 

(c) A spline surface is formed according to the control points. The 
coordinates of an arbitrary point on the surface (x, y, z) are given 
as: 

x(s,t) = Em =0 En Jo Bn, k(t) 1 

y(s,t) = E^^JdEnJoE^B„,M^)BnMt) > ( 1 ) 

z(s,t) = Em=dEn=d ^ninBm^k(s)Bn,k(t) ) 

where s and t denote the variables taken on the x and y-coordinates. 
The side constraint conditions of s and t are as follows. 

0<s<M-l'l .. 

0 < t < A-1 J ^ ^ 

where B£^k denotes the B-Spline function. Nodes of the spline 
function are taken so as to satisfy Scoenberg-Whittny condition. 
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Figure 1. Shape representation scheme 



(d) The two-dimensional profile is constructed as the plane between 
the spline surface and the plane 






( 3 ) 



3. OPTIMIZATION ALGORITHM 
3.1 Optimization Problem 

The design requirement is to minimize the total weight of the structure 
on condition that the maximum stress is kept under the permissible 
stress of the material. The objective function, the constraint condition 
and the design variables are defined as follows. 
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3.1.1 Objective Function. If the material of the structure is 
kept invariant, the objective function for minimizing the total weight is 
defined as 

^ 

— > mm (4) 

where A and Aq are the area of the structure and the feasible design 
domain, respectively. 

If the objective function is defined from Eq.(4) alone, the final profile 
may have very strange shape with narrow and long projections. For 
eliminating such profiles, the following objective function is also consid- 
ered. 

> min (5) 

Lo 

where L and Lq denote the circumference of the structure and the feasi- 
ble design domain, respectively. By introducing the parameter Cl, the 
objective function is defined as follows: 

f = ^+CL^ ( 6 ) 

In the following numerical examples, the parameter is specified to 
0.1, which is defined from numerical experiments. 



3.1.2 Constraint Condition. 

is defined as follows: 



The stress constraint condition 



- 1 > 0 



where fimax and cTc denote the maximum value of the von Mises equiv- 
alent stress on boundary and the permissible stress of the material, re- 
spectively. 

Final profile should be constructed with single domain. The related 
constraint condition is defined as follows: 



51 = iVn - 1 = 0 (8) 

where Nq means the number of the subdomains. The number of subdo- 
mains is counted automatically. 



3.1.3 Design Variables. The z-coordinate of the control point 
Zmn is selected as design variables. The side constraint for the variable 
Zmn is defined as 

■^0 < Zmn < Zi (9) 

where Zq, and Z\ denote the minimum and the maximum values. 




STRUCTURAL DESIGN USING GENETIC ALGORITHM 



167 



3.2 Genetic Algorithm[4, 5] 

3.2.1 Fitness Function. The fitness function /itness is defined 
from the objective function as follows: 

fitness = 1 — / (10) 

The constraint conditions are usually added into the fitness function by 
introducing the penalty parameter. In the present scheme, however, the 
constraint conditions are not included into the fitness function because 
the population is organized by the individuals satisfying the constraint 
conditions alone. 

3.2.2 Genetic Coding. The length of chromosome is equal 
to the total number of the control points M x N. Each gene of the 
chromosome is related to the z-coordinate of the control point Zmn as 
follows: 

Zmn = Zo + {Z, - Zo) X (11) 

^max J- 

where Gmax is the maximum value of the genes. 

3.2.3 Genetic Operations. 

Selection. As the selection operator, this paper employs ranking se- 
lection, in which the parents are selected from the population according 
to the ranking of the fitness function of the individuals, instead of the 
value of the fitness function. Moreover, the elitist scheme is employed 
so that the best individual at each population survives at the next gen- 
eration. 

Crossover. One-point crossover is employed in this study. 

Mutation. Mutation operation changes the value of a gene into 
different value which is selected randomly from arbitrary values. 

3.3 Algorithm 

Figure 2 shows the algorithm of the present scheme. Firstly, the pop- 
ulation is organized by individuals satisfying the constraint conditions 
alone. The fitness function of each individual is estimated by using 
boundary element method and then, the genetic operators such as the 
selection, the crossover and the mutation are applied to the population 
to create new individuals. New population is organized with the individ- 
uals satisfying the constraint conditions. The number of the individuals 
is kept invariant during the process. 
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Figure 2. Flowchart of present method 



4. BOUNDARY ELEMENT FORMULATION 

We shall explain the BEM analysis in the two-dimensional elastic 
problem[l, 2], 

In two-dimensional elastic body without body forces, the governing 
equation and the boundary conditions are given as follows: 

(Tjjj = 0 (in 11) (12) 

and 

Ui = Ui (on U) 1 , . 

ti = ti (on U) j 

where Ui,ti and aij denote the displacement, the traction and the stress 
components in the two-dimensional coordinates, respectively, and ( j) 
the derivative in the j direction. Taking the Kelvin solutions as the 
weight functions, we have the weighted residual equation; 

/ (^ij,juliekdn = 0 ( 14 ) 

Jn 

where denotes the base vectors. Applying the Gauss-Green formula, 
we have the boundary integral equation; 

Cui = J {u*jtj — t*jUj)dT 



( 15 ) 
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Table 1. Parameters for simulation 



Number of control points 


II 

II 

00 


Range of ^-coordinates 


^0 = 0, .^1 = 1 


Height of a cutting plane 


Zh = 0.5 


Maximum value of genes 


G max — 3 


Number of the individuals 


100 


Crossover rate 


0.8 


Mutation rate 


0.016 


Permissible stress 


CTc = 500kg/mm^ 


Order of Spline function 


3 



where C is the parameter depending on the placement of the source 
point; C = 1 when the point is inside the domain, (7 = 0 when it is 
outside the domain and (7 = 1/2 when it is on the smooth boundary. 
uT and t*j denote the fundamental solutions of the displacements and the 
tractions, respectively. Discretizing Eq.(15) with the boundary elements 
and collocating the nodes on the elements, we have 

Hu = Gt (16) 

where u and t denote the vectors of the nodal displacements and the 
tractions, respectively. H and G are their coefficient matrices. 

Applying the boundary conditions to the above system of equations, 
we have 

[H.-H.l [l“} = { I } (17) 

where the subscripts u and t denote and Dj, respectively. Assembling 
the system of equations, we have 

[-GuHt] { = i-HuGt] { 1“ } (18) 

and 

Ax = b (19) 

The system of equations is solved for x to estimate the unknown nodal 
values. 

5. NUMERICAL EXAMPLE 

The object under consideration is shown in Fig. 3. The left edge of the 
object is fixed at the wall and the load of 50kg /mnn? is uniformly given 
on the upper edge. 
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Figure 3. Object under consideration 




Figure 4- Fitness value of best individuals 



Slash-marked parts of the boundary are fixed during the optimization 
process because they are the loaded part and the part attached to the 
wall. The design objective is to minimize the area of the object on 
the condition that the maximum equivalent stress does not exceed the 
permissible stress of material. The analysis is carried out according to 
the parameters shown in Table 1. 
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(e) 100th step 





(d) 50th step 



Figure 5. Best individuals 



Figure 4 shows the convergence properties of the fitness values of best 
individuals at five runs starting from the different initial population. 
The abscissa and the ordinate denote the fitness value and the genera- 
tion, respectively. The fitness values increase as the generation goes and 
converge to any values at 50th generation. Figure 5 shows the profiles 
of the best individuals at each generation of a run. The best individual 
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at the initial steps has two holes. Finally, the best individual converges 
to the profile with one hole as the generation goes. 

6. CONCLUSIONS 

This paper presented the topology and shape optimization scheme of 
the continuum structures by using the genetic algorithm and the bound- 
ary element method. The present scheme was applied to a numerical 
example. The profile of the two-dimensional object is defined as the in- 
tersection between the three-dimensional object represented with spline 
surface and the cutting surface. The minimization of the total weight 
of the structure and the stress deviation is considered as the objective 
functions and the coordinates of the controle points of the spline function 
are taken as the design variables. A final profile satisfying the design 
objects could be obtained. We may say that validity of basic algorithm 
of the present method could be confirmed. 
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Abstract: The coupling of modem, alternative optimization methods such as 

evolutionary algorithms with the effective tool for analysis of mechanical 
stmctures - BEM, gives a new optimization method, which allows to perform 
the generalized shape optimization (a simultaneous shape and topology 
optimization) for elastic mechanical structures. This new evolutionary method 
is free from typical limitations connected with classical optimization methods. 
In the paper results of researches on the application of evolutionary methods in 
the domain of mechanics are presented. Numerical examples for some 
topology optimization problems are presented, too. 

Keywords: evolutionary algorithms, genetic algorithms, generalized shape optimization, 

topology optimization. 



1. INTRODUCTION 

The application of classical optimization methods is restricted by 
limitations referring to the continuity of the objective function, the gradient 
and/or hessian of the objective function and the substantial probability of 
getting a local optimum. This causes that for some optimization problems 
the optimal solution is either very difficult or quite impossible to obtain. 
Therefore new optimization methods, free from limitations mentioned 
above, have been still looked for. Experiments with mapping natural 
processes occurring in the nature are promising search directions. Resulting 
from those experiments various algorithms for searching optimal solutions 
were created. Those algorithms are known as genetic algorithms, 
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evolutionary programming, evolutionary strategies, neural networks, 
classifier systems and simulated annealing. Many of them turn out to be 
alternative methods of optimization for classic methods such as e.g. well 
known gradient methods. Particularly the genetic algorithms (GAs) are often 
used in solving optimization problems. They are widely applied in solving 
the search problems and optimization problems in many disciplines from 
many years, but their application to solve optimization problems in 
mechanics has started relatively not long ago. 

As the results of the research on application of the genetic algorithms in 
optimization of mechanical structures, a new approach of the evolutionary 
optimization has been created. This approach, based on GAs and the 
boundary element method, is free from limitations connected with classic 
optimization methods. It allows to solve a large class of optimization 
problems of mechanical stmctures concerned with the shape and topology 
optimization. 



2. THE GENERALIZED SHAPE OPTI MI ZATION 
PROBLEM 

Consider the following class of optimization problems: 



min:J„(x) (1) 

X 

with constraints: (x) = 0, a = 1,2, ...,«, (2) 

J p{x)>Q,P = \,2,...,m, (3) 

> X- > X-^^ i = \, 2,..., k, (4) 

where x=(xi) is a vector of design variables. 



The functionals J „,J „ p following forms: 

/(x)= ^'^{a,e,u)dQ.+ Jo(p,u)r/T or/(x)= ^CdQ. (5) 
nr n 

where 'F is an arbitrary continuous function of stresses a, strains £ and 
displacements u in the domain Q of the structures and O is an arbitrary 
function of displacements u and tractions p on the boundary T. 

The functionals (1), (2) and (3) can represent objectives or constraints 
described by stresses or displacements e.g. in the form of the complementary 
energy, von Mises stresses, or the cost of the stmcture. The constraints (4) 
are simply the geometry constrains. 

In the next sections it will be shown how to solve the optimization problem 
presented above. The proposed method consists of a few steps: geometry 
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modelling and choosing the design variables, applying the numerical method 
for evaluation of the fitness function, creating the internal voids (if 
necessary) and applying the evolutionary process. All steps are described 
below. 



3. GEOMETRY MODELLING 

The choice of the geometry modelling method and the design variables 
has great influence on the final solution of the optimization process. There is 
a lot of methods for geometry modelling. In the proposed approach NURBS 
or Bsplines [6] are used to modelling the geometry of the structures. The 
possibility of the easy control of the shape by only a few control points and 
local changes of shapes without influence on the rest of the structure are 
their main advantages (Fig. 1.), which are very helpful in the optimization 
process. 

In the optimization process the co-ordinates of the control points become the 
design variables, which gives the small number of design variables and the 
simplicity of data preparation in comparison with other methods (e.g. when 
the coordinates of boundary nodes (in BEM) or mesh nodes (in FEM) are 
taken as the design variables). 




Figure 1. The Bspline and the NURBS 



4. BOUNDARY ELEMENT METHOD 

In genetic algorithms the fitness function (the objective function) with 
constraints plays a role of environment. In the case of optimization problems 
of mechanical structures the objective function or constraints often depend 
on stresses, displacements etc. In order to calculate the fitness function 
values the boundary element method can be used [4]. 

In the boundary element method the boundary value problem is described 
by following vector boundary integral equations: 
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c(x)u(x)+ ju*(x,y)p(y)£r(y)= jp*(x,y)u(y)ar(y)+ ju*(x,y>(yVQ(y) 

r r a 

( 6 ) 

where u(y) and p(y) are displacements and tractions on the boundary F, b(y) 
are the body forces in domain £2, U*(x,y) and P*(x,y) are fundamental 
solutions of elastostatics. 

Discretizing the boundary F by means of boundary elements 7^, 
e= 1, ... ,E: 

x(^)=<t:fe)(x): (7) 




Discretization of the boundary using quadratic boundary elements and 
aproximating the fields of dispacements and tractions on each boundary 
element 7^, in terms of nodal values and shape functions : 

“(y) = <i>:(«>': p(y) = <i>:(lk' (8) 

one obtains a discrete form of the boundary integral equation (6): 

E 

c(x)u(x) = J(u); |Plx,y,^]Oj(^)j(^)r7r(^) + 

e=\ W=1 pe 

E 

julx,y,^]o;(^)j(^)r/r(^)+ ju(x,y)b(y)jQ(y) 

e=\ w=l pe n 

( 9 ) 

Finally, equation (9) can be transformed into the system of linear 
algebraic equations: 



AX=F 



( 10 ) 
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where unknown values of displacements and tractions are described only 
on the boundary of the structure. 

Solving those equations (10) enables obtaining all unknown boundary 
values of displacements and tractions. Knowing all boundary displacements 
and tractions on the boundary E, the components of the stress tensor o=(Oi) 
can be calculated in selected internal points xgQ using the following 
equation: 

cr(x)= |z)(x,y)p(y)r/r(y)- j5(x,y)u(y)r/T(y) + jz)(x, y)b(y)r/Q(y) 

r r a 

( 11 ) 

where S(x,y) and D(x,y) are the third-order fundamental solution tensors 
obtained from suitable differentiation of U*(x,y) and P*(x,y) with respect to 
the source point x and application of the Hooke’s law. 

The application of the boundary element method in optimization shows the 
great advantage over other computational methods for the analysis of 
mechanical structures, because the discretization is to be done only along the 
boundary of the structure what reduces the number of data. 



5. GENERATING INTERNAL VOIDS, 

THE BUBBLE METHOD 

All methods of solving topology optimization problems are based on the 
finite element procedures. The boundary element method has found 
applications to shape optimization problems but till now it has not been used 
to the topology optimization. In the classical shape optimization one 
optimizes the shape of the existing boundaries. The boundary element 
method is the exceptionally natural and convenient numerical technique for 
such optimization. It appears, however, that it is impossible to insert any 
changes inside the domain. Because the discretization is made only on the 
boundary, there is no possibility to insert the void during analysis of the 
structure. 

In order to eliminate this drawback the idea of the coupling of the BEM 
with the “bubble method” [3] has been applied. 

It this method it is assumed that inserting an infinitesimally small void 
into the domain will produce only local stress concentration in the vicinity of 
the bubble and the global stress field remains unchanged. Looking for the 
best position of such a bubble, an optimization process is carried out [3], and 
for some shapes of the bubble (i.e. a circle, a triangle, an ellipse) the so- 
called characteristic functions [3] can be determined: 
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the circular shaped void 



H{(7x,(72) = ^ [(o-i + 0-2 )' + 2((Ji + 0-2 )" 
2E 

• the ellipse-shaped void 

H = ^[ 5 , 65 ( c 7 , + aj+ 5,52{a^ - 
- 0,22[af - cTj )cos2a + 2,34(c7i - cos 2a] 

• the triangle-shape void 

H = ^ b,0((Ji + ctJ + 14,5((Ji - 0-2 f 
2E 



( 12 ) 



(13) 



(14) 



The coordinates, where the characteristic function gets the minimum, point 
out the center of the new generated void. As the characteristic functions 
depend on stresses it is easy to generate internal voids in the topology 
optimization process using the boundary element method. 



6. EVOLUTIONARY ALGORITHMS 



6.1 Genetic algorithms 

In general the genetic algorithms (GA) simulate a natural evolutionary 
process. The genetic algorithms are able to find the optimal solution 
satisfying the constraints without the calculation of derivatives. Many papers 
and books contain specimen tests for optimization problems, including ones 
which are very difficult to solve using classical methods [5]. 

The genetic algorithms map an evolutionary process of the nature over the 
span of the age, with the aim to adapt an individual to conditions of life as fit 
as possible. It is just nothing more than the main goal of optimization. Those 
algorithms are procedures to search in the feasible space of solutions. They 
take advantage of mechanisms of natural selection and genetic inheritance, 
using the neo-Darwinian principle of reproduction and survival of the fittest. 
At the begining the genetic algorithms work on a population of randomly 
generated candidates from the feasible solution domain. These candidates, 
called chromosomes, evolve towards better solutions by applying genetic 
operators such as selection, mutation, crossover, modeled on the genetic 
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processes occurring in the nature. After applying genetic operators the new 
population should have a better fitness. The population undergoes the 
evolution in a form of the natural selection. An objective function with 
constraints plays the role of the environment to distinguish between good 
and bad solutions [4]. In the classical genetic algorithm it is characteristic 
that the chromosome, representing a possible solution, is described using a 
binary coding. 

6.2 Evolutionary programs 

There is a lot of problems for which the GAs can not be applied directly 
to solve the problem. In such cases there are two possibilities: either the 
problem is modified in such a way, that the GAs can be applied or GAs is 
modified in such a way that the problem can be solved. 

The first approach allows operating in a domain of the classic genetic 
algorithm, the second approach introduce in a domain of evolutionary 
programs. In the presented evolutionary optimization method the modified 
genetic algorithm, that is evolutionary program, is used. 

6.3 Evolutionary optimization based on the bubble 
method 



The flow chart of the proposed approach of the evolutionary optimization is 
presented in the Fig. 3. 



START 

♦ 



Preparing the model 



shape optimization \ 



Analysis of the structure 

Boundary Element Method 



GENETIC ALGORITHM] 

(Evolutionary program) 



^bem| 



^^mal structure^ 



Change the topology ? 



topology optimization 



Inserting a void , 

,^ubhle method" BEM+GA | 

Changing the topology clas.^ 



Discretization of the new structure 



Simultaneous shape and topology optimization 



Figure 3. The evolutionary 
optimization 



The first step in optimization process is 
to find the optimal shape of the 
external boundary. It means that the 
typical shape optimization is carried 
out. As an optimization module the 
genetic algorithm is applied. In order 
to obtain the information about the 
fitness function for each individual in 
the population, the boundary element 
method is used. When the main goal of 
the optimization is to find only the 
optimal shape without any changes 
inside the domain, then the 
optimization process is finished and 
the obtained solution is the optimal 
solution. 

When it is possible to make any 
change inside the domain, the second 
step of the optimization - the topology 
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optimization - is carried on. A new void is inserted into the domain which 
changes the topology class. In order to generate a new void inside the 
domain the „bubble method” is used. It secures the optimal position for the 
inserted void. Coordinates where the characteristic functions get the 
minimum are the co-ordinates of the center of the new void. The 
characteristic functions depend on stresses, so minimum values are 
calculated using the boundary element method and GAs. 

After inserting the void, during the optimization process the best place for 
the inserted void, the optimal shape of the external boundary and the internal 
boundary are searched. This means that the shape optimization and the 
topology optimization are carried on simultaneously. 

If the ’’bubble method” is used the first population consists of n the same 
chromosomes. It makes that the GAs cannot work with a full power in the 
first stage of evaluation. As the chromosomes in the first population are the 
same it is not a good “genetic material” for evaluating a best solution. 

Just in the next population when the chromosomes are muted and crossed the 
better “genetic material” for evolution is obtained. But it seems to be a lost 
time for calculations, because the first population which consists of 
randomly generated chromosomes from feasible space of solutions looks to 
be much better for evaluation towards the optimal solution. This new 
approach is presented in the follows paragraphs. 



7. NUMERICAL EXAMPLES 

As the first example a cantilever beam subjected to a point force is 
considered (Fig. 4. a). The objective function is to minimize the compliance 
with the constraint condition in the form of the volume constraint (Wend = 
O.SVjtort). The optimal shape of the external boundary after the shape 
optimization is presented in Fig. 4.b. 

For all presented examples genetic algorithm parameters are as follows: 



GA parameters 


Value 


population size 


70 


number of generations 


300 


selective pressure 


0.05 


probability of nonuniform mutation 


2% 


probability of crossover 


10% 
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Figure 4. The evolutionary optimization of the cantilever beam 

The optimal form of the structure after the simultaneous shape and topology 
optimization is presented in Fig. 4.c,d. 

The second example shows the results of the optimization process of the 
rectangular plate presented in Fig. 5a. The objective function is to minimize 
the compliance with the constraint condition in form of the volume 
constraint (Vend = Vstart). It was assumed that the inserted voids changing 
the structure topology are circular. The optimal shape of the external 
boundary is presented in Fig. 5.b. The form of the structure after the 
simultaneous shape and topology optimization is shown in Fig. 5.c,d. 




Figure 5. The evolutionary optimization of the rectangular plate 
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8. ENTIRELY NEW EVOLUTIONARY 
OPTIMIZATION OF TOPOLOGY 

During the numerical tests it was mentioned that there is no necessity to 
use the „bubble method”. As the GAs can start not only from a single point, 
which is equal to generating the one void, but from population of voids, it is 
of no importance where the first voids are generated, and it has not an 
influence on final result. So, in the further work on development of the 
evolutionary optimization the „bubble method” will not be used. Using this 
method for generating the new void allowed inserting only one void into the 
domain in every optimization loop. This led to the limitation of Gas power, 
because the first populations consisted of nearly the same chromosomes. The 
new idea is based on generating voids directly by GAs. Then already in the 
first step a population of different voids (shape and dimension) is inserted 
into the domain. Moreover, the number of inserted voids is the design 
variable and GAs decide how many voids should be put and where such an 
approach was proposed by Burczyhski and Orantek [2]. 

Consider a 2-D elastic structure, which occupies a domain Q bounded 
by an external boundary T (Fig. 7). Boundary conditions in the form of 
a displacement field u(x)=Uo(x), xg L and a traction field p(x)=po(x), xg Tp, 
where L u Tp = T, are prescribed. 

One should find the optimal topology of the structure by introducing a 
set of voids {di}, d,={circle, ellipse, NURBS,...}, i=l,2,...,n_max, into the 
domain Q, to minimize an objective (fitness) function 

o 

o 




Figure 7. The example of the 2-D elastic structure and their 
accessible forms of internal voids. 

The number of voids, their shape and positions are considered as design 
variables X. The geometrical shape can be imposed in the form of typical 
plane figures like e.g. circle, ellipse or an arbitrary figure prescribed by 
NURBS, controlled by control points [6]. For the sake of simplicity one 
assumes that the external boundary of the structure will not be changed. 

8.1 Structures of chromosomes in topology optimization 

Three different types of chromosomes are considered: 
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r 

'n max ’ n max 



> 



( 15 ) 



X = {^J=<«,Xi,j^i,r,,X2,>’2,r. 



* T 

2 v9-^n max’ 



X f 

n max ’ n max 



> 



( 16 ) 



X={^j=<Wi,W; 



Xi,yi,ft,X2,y2,r2,...,x, 



n max ’ 



Y f 

n max ’ n max 



> 



( 17 ) 



where n_max is a maximum number of voids, genes X; and are coordinates 
of the center of the i-th void and the vector gene, is a vector of shape 
parameters. 

For the circular void the vector gene r, contains only one element, 
which is a radius ri={ri}. For the elliptical void the vector gene contains 
three elements ri={r„ry,a}. For more shape complicated voids the vector 
gene r, contains a set of radii associated with control points of NURBS 
ri={r,,r2,...,r„). 

In the case of the chromosome (15) the number of voids is governed by 
the condition: if i-th void does not exists. It is illustrated for circular 

voids in Fig. 8. 



Figure 8. Creating the structural topology on the ground on the chromosome (15). 

For the chromosome (16) the number of voids is controlled by the gene 
n. In the case of the chromosome (17) the number of voids is governed by 
controlling parameters W;, which take the value w,=0 if the void does not 
exist, or Wi=l if the void exists. If Wi=0 genes responsible for the shape 
geometry of i-th void Xi,yi and p are not active. 

On each gene, except the controlling genes Wi, there are imposed the 
following constraints 





max 



( 18 ) 
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where X™” and are bounds of variable . 

The flow chart of the evolutionary optimization of the topology is 
presented in Fig. 8. In order to evaluate the fitness function or constraints 
one should solve the boundary value problem of theory of elasticity using 
the finite element method (FEM) or the boundary element method (BEM) 

[4]. 



START 

I 

Preparing the model 
Analysis of the structure 



r--- 


▼ 






GENETIC ALGORITHM 


"V a new shape and topology 


I— ► 


■ of the structure 




(evolutionary program) 


ll 


NO ^ 


‘ ‘ BEM/FEA 


L_ 


— (^^^^timal structure?^ 


a fitness value 




YES 


Evolutionary optimization 






END 



Figure 9. New approach to evolutionary optimization 

To examine the proposed evolutionary approach to topology 
optimization the several numerical examples have been carried out. In all 
examples circular voids have been introduced into the domain Q to change 
the topology of the 2-D structures. The maximum number of voids was 
n_max=4 and the size of the population was 10000. In the evolutionary 
optimization the same operators of mutations and crossovers were used as in 
evolutionary identification and the tournament selection was applied. 

The chromosomes were constructed according to equation (15). 

Three different fitness functions with constraints were applied: 

/„= jd£2 

^ with constraints: Oeq<Oo (19) 




dr 



with constraints: 



( 20 ) 
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dr 

with constraints: |Q|<Qo 



( 21 ) 



where Oq - a reference stress, Qq - an admissible volume of the 
structure. 

Numerical examples of topology optimization are presented in Fig. 10, 
Fig. 11 and Fig. 12. All received final solutions look like the gruyere eheese 
structures. 




Figure 12. The structure before and after topology optimization for f function (21) 



Numerical tests have been also perform for the example presented in the 
first part of the paper. The results are the same as presented on Fig. 4 and 
Fig. 5. 



9. CONCLUSIONS 

Numerical tests prove that the proposed approach of the evolutionary 
optimization can be applied to solve a large class of generalized shape 
optimization problems of mechanical structures (the simultaneous shape and 
topology optimization). The application of genetic algorithms as the 
optimization module makes this method free from limitations typical for the 
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classic optimization methods. The coupling of the boundary element method 
and the genetic algorithms gives an effective and efficient alternative 
optimization tool. 

The application of the boundary element method in optimization shows 
the great advantage over other computational methods for the analysis of 
mechanical structures, because the discretization is to be done only along the 
boundary of the structure. Also the simplicity of data preparation and the 
little number of data should be taken into consideration. 

The proposed approach of the evolutionary optimization enables 
performing either a complex optimization process in the form of the 
generalized shape optimization or partial processes in the form of the shape 
optimization without the change of the topology class or the topology 
optimization not changing the shape of the external boundary of the 
structure. 
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Abstract: Hierarchical Genetic Strategy (HGS) is an effective method of global op- 

timization. It performs hierarchical decomposition of admissible domain 
and ntilizes binary strings of different length. We use HGS to solve the 
problem of identification of the geometrical errors of Coordinate Mea- 
snring Machine (CMM). The results of simple numerical experiments 
will be reported. 

Keywords: hierarchical genetic algorithm, global optimization, CMM geometrical 
errors 



1. INTRODUCTION 

The following group of problems which take their origin in mechanics 
may be formulated as the global optimization ones: 

■ optimal design of structures and mechanical systems (optimal shape 
design, minimal weight and internal energy of strains, etc.) 
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■ defectoscopy (finding crack and void location, etc.), 

■ parameter identification in continuous and discrete systems. 

Main difficulties in such problems are usually caused by objective non- 
linearity, large admissible domain, the lack of regularity and global con- 
vexity (large plateaus in the objective graph) and existence of many 
solutions. Such kind of ill posedness exclude the direct application of 
convex optimization methods and makes the enumerative deterministic 
or standard stochastic search extremely time consuming. The possible 
way to pass this obstacles is to apply the refined artificial intelligence 
methods that can perform robust total search keeping moderate com- 
plexity. 

Some procedures for evaluation of uncertainty in coordinate measure- 
ment require the knowledge of geometrical (translational and rotational) 
errors of Coordinate Measuring Machine (CMM).The traditional proce- 
dures of identification of these errors are time consuming and require 
the special expansive equipment (see [1,5]). We show how to apply 
Hierarchical Genetic Strategy (HGS) (see [2, 3, 4,7]) to deal with these 
problems. 

2. HIERARCHICAL GENETIC STRATEGY 

The main idea of Hierarchical Genetic Strategy (HGS) is running 
in parallel a set of dependent evolutionary processes. The dependency 
relation among processes has a tree structure. The processes of low 
order represent chaotic search with low accuracy. They only detect the 
promising regions on the optimization landscape in which more accurate 
processes are activated. 

Every single process ’’builds” a branch of the tree and can be defined 
as a sequence of evolving populations. The Simple Genetic Algorithm 
(SGA) is implemented as the law of evolution which governs the pro- 
gression from one generation to the next. 

Populations evolving in different branches may consist of individuals 
with different lengths of genotypes. 

We say that the branch has degree j G {1, ...,m} if it is created by 
populations containing chromosomes of the length Sj G N. 

The unique branch of the lowest degree 1 is called root . Populations 
evolving in this branch contain individuals with genotypes of the shortest 
length. 

We can define a /c-periodic metaepoch M^fk G N) as a discrete evo- 
lution process which starts from the given population and terminates 
after at most k generations by selection of the best adapted individual. 




IDENTIFICATION OF THE CMM PARAMETRIC ERRORS BY... 



189 



Formally, the outcome of the /c-periodic metaepoch started from the 
population may be denoted by 

,l <k, (1) 

where denotes the frequency vector of resulting population, x - 

the best adapted individual in the metaepoch and stop - the branch stop 
criterion flag. 

The branch stop criterion detects the lack of progression in the evolu- 
tion process. It is usually heuristic (e.g. detects the small increment of 
the average fitness). The branch stop criterion flag is one, if it is satisfied 
and zero otherwise. 

The structure of HGS can be extended by sprouting of the new branches 
called children from the given one by application of the sprouting oper- 
ator SO (see [2, 3, 4, 7]). The branch from which the child is sprouted is 
called a parental branch . We assume, that if the parental branch has 
degree j G N, then the degree of its child is j -|- 1. 

The sprouting operator can be activated or not, depending on the 
outcome of prefix comparison operator PC (see [4]). 

To start hierarchical algorithm we fix following parameters: 

■ 1 < si < «2 < S 3 < ••• < Sm = Smax - lengths of binary coded 

strings (0*^ , ..., are the genetic spaces associated with 

that strings [2,3], 

■ 1 < "rai < U 2 < ... < Um - sizes of populations which are the 

multisubsets of ..., respectively, 

■ k G N - a period of metaepoch. 



The evolution process starts from the initial population consisting of 
the shortest binary strings (si-length) and creates the root of the struc- 
ture. The algorithm will evolve creating new branches corresponding to 
populations containing individuals with different length genotypes. 

A process of sprouting of new branch of degree j + 1 from the given 
branch of degree j is called the branch extending operation . The detailed 
definition of this procedure and the whole strategy can be found in [4] . 

As a global stop criterion we can accept a condition when there are no 
new branches sprouted from the root and the evolution process in every 
branch is stopped. 
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3. MODEL OF GEOMETRICAL ACCURACY 
OF COORDINATE MEASURING 
MACHINE (CMM) 

The following model for analysis of geometrical accuracy of CMM is 
used (Fig. 1). 




Figure 1. The model of geometrical errors of coordinate measuring machine. 



The designation of geometrical errors of CMM consists of three compo- 
nents: designation of CMM axis concerning the reason of an error, the 
kind of an error (p - position, t - translation, r- rotation) and the desig- 
nation of axis on which the error has an influence (refers to the errors of 
kind t and p) or the designation of rotation axis (refers to the error r). 

The components of total error of CMM are the positional parametric 
errors caused mainly by the errors of scales of each axis: xpx, ypy, zpz. 
The straightness deviations and the clearance in sliding joints of CMM 
are the reasons of unintentional linear displacements and rotations. The 
linear displacements in each axis can be decomposed into two compo- 
nents components in the two planes perpendicular to each other, passing 
this axis. These errors are so-called translational parametric errors. The 
X axis has the translational parametric errors xty and xtz, the y axis - 
ytx and ytz, and the z axis - ztx and zty. The rotations can be expressed 
as three components for each axis. We call them rotational parametric 
errors. These components are usually called: roll angle, pitch angle and 
yaw angle. The x axis has three parametric errors: xrx, xry and xrz, 
the y axis - yry, yrx and yrz, and finally the z axis - zrz^ zrx and zry. 
The positional, translational and rotational parametric errors (together 
18 errors) are the functions of the actual indications x, y and z of linear 
encoders. In addition there exist three errors of perpendicularity. They 
are designated as: xwy, xwz and ywz. It means the complete model of 
CMM parametric errors has 21 components. 
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The model of the influence of these 21 geometrical parametric errors 
onto the error of indication for considered CMM can be built. This effect 
depends on kinematics chain of CMM and the probe configuration. For 
the CMM being under investigation the error of indication E (in com- 
parison with the location of stylus tip) can be calculated as the product 
of vector containing the 21 components of geometrical parametric er- 
rors and the matrix M which presents the influence (weights) of each of 
errors onto the x, y and z components of error of indication of CMM: 



E = KM, 



(2) 



where E = [Ex, Ey, E^] is the vector containing three components of 
error of indication in specified point in measuring volume and 
K = [ywz, xwz, xwy, ytx, ypy, ytz, yrx, yry, yrz, xpx, xty, xtz, 
xrx, xry, xrz, ztx, zty, zpz, zrx, zry, zrz\ is the vector containing 21 com- 
ponents of geometrical parametric errors (18 of them are the functions 
of indications of linear encoders and remaining 3 are the perpendicu- 
larity errors). These parametric errors play the role of the correction 
coefficients of the machine. The matrix M is given below: 



M = 



0 -z 0 

-z D 0 

- 2/0 0 

1 0 0 

0 1 0 

0 0 1 

0 -z- Zt yt 

z + zt 0 —X — xt 
-yt x + xt 0 

1 0 0 

0 1 0 

0 0 1 

0 -Z- Zt yt 

z + Zt 0 -Xt 

-yt Xt 0 

1 0 0 

0 1 0 

0 0 1 

0 -Zt yt 

Zt 0 -Xt 

-yt Xt 0 
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where: x, y, z - the indications of CMM linear encoders, xt, yt, zt 
- the coordinates of center-point of spherical tip of active stylus from 
from probing system with multiple styli (or the center point of spher- 
ical tip for articulated probe in certain location of this probe) in the 
probe’s coordinate system relatively to reference point of probe. Under 
the assumption that styli or probe location are parallel to CMM global 
coordinate system, these values are nominally equal to the lengths of 
styli. 

It was assumed that: 

- xpx, xty, xtz, xrx, xry, xrz - are the functions of x, 

- ypy., ytx, ytz, yry, yrx, yrz - are the functions of y, 

- zpz, ztx, zty, zrz, zrx, zry - are the functions of z. 

The knowledge of all 21 geometrical parametric errors is necessary to 
carry-out the mathematical correction of geometrical errors and build 
the virtual model of CMM. 

The measurements of above-mentioned 18 errors are carry-out with 
the step of digitization about 10-50 mm (depending on the measuring 
range of CMM and its accuracy). Each measurement is repeated few 
times for two opposite movements of CMM - the result of measurement 
is mean value. The measurements of positional, straightness and two 
rotational errors (pitch and yaw) are carry-out by means of laser in- 
terferometer. The measurement of the third rotational error (roll) are 
carry-out by electronic level (for horizontal axes) or by indirect methods. 
The number of values describing the CMM accuracy can be calculated 
using the following formula: 

6 

[(Ta;/Axj -|- 1) -|- {Ly/ Ayi -|- 1) -|- {LzjAzi -|- 1)] -|- 3, (3) 

i=l 

where Lx, Ly, Lz are the measuring ranges of CMM and Axi, Ayi, Azi 
are the digitization steps for evaluation of each of 6 component errors 
for each axis. For typical CMMs it is about 500-2000 values. 

The methodology described above is time-consuming. A lot of re- 
search is devoted to finding simpler methods for mathematical correc- 
tion of CMMs’ accuracy. The special attention should be paid to the 
methods applying the sphere ball plate (see [5]). 

4. OPTIMIZATION PROBLEM ORIGINATED 
BY THE CMM ERRORS 
IDENTIFICATION 

For the sphere ball plate the coordinates of centers of each of 25 balls 
are known. This coordinates are ordered in Cartesian coordinate system 
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as follows: the center of ball number 1 is the center of the system, the 
centers of balls 1, 5 and 21 determine the XY plane and the centers of 
balls number 1 and 5 determine the X axis. The sphere ball plate is 
placed in certain positions in measuring volume (see [5]). 

The coordinates of centers of balls should be transformed in following 
way: the center of ball number 1 (as in calibration certificate) covers the 
center of the ball number 1 obtained in measurement results, the center 
of the ball number 5 (as in calibration certificate) covers with the line 
defined by the balls number 1 and 5 (as in measurement results) and the 
center of ball number 21 covers the plane defined by the centers of balls 
number 1, 5 and 21. Then we should find the values of geometrical errors 
of CMM (the components of vector K, which plays the role of optimal 
correction coefficients that make CMM more accurate), for which the 
results obtained from virtual model (simulation) differ minimally from 
the measurement results (in the sense of minimum sum of squares). 

We define the objective function F as the superposition of the follow- 
ing operators: 

F:A'-£-{ = }^/ (4) 

where : 



K is the vector containing 21 components of geometrical paramet- 
ric errors, 

E is the vector containing three components of error of indication 
in specified point in measuring volume defined by (2), 



5 * = 



X 



is the vector of coordinates of the center of ball 



obtained from measurement. 



= 



yin 



is the vector of measured coordinates of the center 



of ball after correction. 



/ = 



Ex Ei=l [(xin - xi)^ + {yin - Vif + {zln ~ 



25(#X) 



( 5 ) 



{xl,yl,zl) are coordinates of the center of ball after transfor- 
mation. 
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■ X is the discrete set of series of measurements of sphere ball plate 
in some locations 

The value of the objective / has an interpretation of mean error of mea- 
surement ( in m~^) which remains after corrections of CMM accuracy 
by using K vector. In other words, we are looking for the vector K , for 
which / is minimal. 

In order to obtain the maximization problem we put the htness func- 
tion: 

G = F-F, (6) 

where F is the known upper bound of the possible values of /. 

We assume that the coefficients of the positional and translational 
parametric errors (e.g. xpx, ytz, etc) have the values in range (-0,003; 
0,003) and the coefficients of the rotational parametric errors (e.g. yry) 
have the values in range (-0,000004, 0,000004) and that defines the search 
space of the problem. 

5. EXPERIMENTAL RESULTS 

In our simple experiments we applied classical simple Genetic Al- 
gorithm (SGA) and 3-level HGS. The values of parameters for these 
algorithms are presented in Table 1 below: 



Table 1. Values of parameters for SGA and HGS. 



Parameter 


SGA 


Level 1 


HGS 
Level 2 


Level 3 


Gode length 


30 


10 


20 


30 


Popnlation size 


1000 


400 


200 


50 


Mutation rate 


0.015 


0.03 


0.015 


0.01 


Period of metaepoch 


1 


10 


10 


10 



The fitness function is conjectured to posses only one global extremum 
because both algorithms SGA and HGS quickly localize their best in- 
dividual close one to another: HGS after 10 generation (1 metaepoch) 
and SGA after about 12 generations. However our main objective was 
the comparison of both algorithms in the accuracy of the determination 
of the minimal value of the htness. 

The results of our tests are given in Table 2. 
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Table 2. The results of experiments for SGA and HGS. 



Algorithm 


Value 

of objective 


Number of fitness 
evaluations 


SGA 


0.0558 

after 6000 gen. 


240400 


HGS 


0.0031 

after 1700 gen. 


148300 



Because we know the lower bound of the objective function (it is 0 
as usual in case of the identification problem) we can compare both 
algorithms analyzing the ratio of fitness values corresponding to the 
best individual. HGS was about 17 times more accurate than SGA. 
The computational complexity of HGS measured in evaluation of fitness 
function is also considerably smaller. 

The obtained objective value 0,0031 is of the same degree as declared 
by GMM manufacturer. 

6. CONCLUSIONS 

■ HGS can be a very effective tool in solving ill possed problems of 
continuous global optimization with multimodal and weakly con- 
vex objective functions (see [2,6]). It is also proved for discrete 
problems with multiple extrema (the inverse kinematic problem in 
robotics, see [2,3]). 

■ 111 posedness coming from the lack of objective regularity can be 
also overcome by HGS. Multilevel HGS can find the accurate solu- 
tion with moderate complexity without computing objective gra- 
dient and Hessian matrix. This is the case of finding very accurate 
approximation of GMM parametric errors coefficients by 3-level 
HGS presented in this paper (see Table 2). 

■ The obtained results show the effectiveness of applied methodol- 
ogy. We hope to obtain better results. In particular, the errors 
caused by temperature deformations of GMM will be eliminated 
in our further investigations. 
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Abstract: Presented paper deals with a method of detecting fatigue cracks in their early 

state of growth. The method uses optimisation tool consisting of genetic 
algorithm and gradient method. The applied fitness function is based on the 
changes in propagating waves. 

Keywords: genetic algorithm, crack detection, spectral element method, Timoshenko 

beam 



1. INTRODUCTION 

In order to improve the safety, reliability and operational life, it is urgent 
to monitor the integrity of structural systems. Techniques of non-destructive 
damage detection in mechanical engineering structures are essential [1], [2], 
[3]. Previous approaches to non-destructive evaluation of structures to assess 
their integrity typically involved some form of human interaction. Recent 
advances in smart materials and structures technology has resulted in a 
renewed interest in developing advanced self-diagnostic capability for 
assessing the state of structure without any human interaction. The goal is to 
reduce human interaction while at the same time monitor the integrity of the 
structure. With this goal in mind, many researchers have made significant 
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strides in developing damage detection methods for structures based on 
traditional modal analysis techniques. These techniques are often well suited 
for structures which can be modeled by discrete lumped-parameter elements 
where the presence of damage leads to some low frequency change in the 
global behavior of the system [4], [5], [6], [7]. On the other hand small 
defects such as cracks are obscured by modal approaches since such 
phenomena are high frequency effects not easily discovered by examining 
changes in modal mass, stiffness or damping parameters. This is because at 
high frequency modal structural models are subject to uncertainty. This 
uncertainty can be reduced by increasing the order of the discrete model, 
however, this increases the computational effort of modal-based damage 
detection schemes. There is also a group of methods which utilize 
thermodynamic damping for assessment of the structural integrity of 
vibrating structures [8], [9], [10]. 

Changes in propagating waves are very sensitive to any discontinuities in 
the structures. Analysis of the process of wave propagation are possible with 
utilization the spectral element method. This method allows an exact 
assessment of the inertia of the system [11]. Mathematical site of this 
method gives only simple set of equations to solve. An important thing is 
that only one spectral element allows to calculate precisely an infinite 
number of frequencies and mode shapes of the examined structure. With the 
spectral element method it is also possible to compare the impact signal and 
the system response directly in the time domain. Differences in those signals 
give information about the state of structure. 

In the paper a new finite spectral Timoshenko beam element with a 
transverse open and not propagating crack is introduced. Up till now there 
are models of a cracked beam in the literature available [11, 12], however 
there is no spectral model of a cracked Timoshenko one. The erack was 
modelled with consideration of the influence of the plasticity zone around 
the crack tip. This approach allows to model the changes of stiffness 
according to crack appearance in examined structure in more precise way. 

For the searching process of parameters of the crack there was used 
special optimization method, whieh consisted of simple genetie algorithm 
and a gradient method. Numerical tests done show that evaluated approach is 
very sensitive for damage introduction in the structure and the same allows 
to detect it in very early stage. This fact is very promising for future work in 
the field of structural health monitoring. 
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2. MATHEMATICAL MODEL OF THE BEAM 




Figure 1. The physical model of the beam. 



A spectral Timoshenko beam finite element with a transverse open and 
non-propagating crack is presented in Fig. 1. The length of the element is L, 
and its area of cross-section is A. The crack is substituted by a dimensionless 
and massless spring, whose bending 6b and shear 6s flexibilities are 
calculated using Castigliano's theorem and laws of the fracture mechanies. 

Nodal spectral displacements and rotations are assumed in the 
following forms, for the left and right part of the Timoshenko beam: 

w, (x e (6, L, )) = R,Aie'“''^ + + 

^,(xe (0,L,)) = A,e-"'^ +B,e"“'^’‘ + 

w, (x e (6, L - L, )) = R,A2e'‘"‘‘""'’ + 

— R C g”‘’‘hL“Tl+x)] _ p g-ikl[L-(L,+x)] 

e (6, L - L, )) = A,e-^'‘’‘""‘* + + 

^ g-iki[L-(L,+x)] Q g-ik,[L-(Li+x)] 

where: Li denotes the location of the crack, L is the total length of the beam, 
R„ is the amplitude ratios given by [12]: 

_ ik„GASi 
GASik^ - pAco^ 



for (n = l,2) 



( 2 ) 
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whereas: Sj = 




is shear coefficient for displaeement [12], v 



is Poisson ratio, G is shear modulus, p denotes density of the material, co is a 

frequeney and i is imaginary unit given as i = . 

The wave numbers ki and lc 2 are the roots of the characteristic equation in 
the general form: 



(GASiEJ)k^ -(GASipJK2CO^EJpAco^)k^ + 
+ (pJS 2 C 0 ^ - GASi )pAco^ = 0 



( 3 ) 



where: S2=12 Ki/ti^ is shear eoefficient for rotation [12], E denotes Young’s 
modulus and J is second moment of area. The coefficients Ai, Bi^ Ci, Di A 2 , 
B 2 , C 2 and D 2 can be calculated as a function of the nodal spectral 
displacements using the boundary conditions with additional assumption at 
the craek place: at the left and right end of the beam displacements and 
rotations are known, at the crack location transverse displaeements, bending 
moments and shear forces for the left and right part of the beam are the 
same, whereas the drop in rotations is proportional to the bending moment 
multiplied by the flexibility of the crack calculated with the fracture 
mechanics laws [13, 14, 15]. 



3. FLEXIBILITY AT THE CRACK LOCATION 

A coefficients of a beam flexibility matrix at the craek location (in 
general form) can be calculated using Castigliano theorem [13]: 

where: U denotes the elastic strain energy of the element caused by the 
presence of the erack and S are the independent nodal forces acting on the 
element. 

For the analyzed beam, the following relation can express the elastie 
strain energy due to the erack appearance [14]: 

U = ^J(Kj+K?,)dA, 

^ A 



( 5 ) 
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where: A denotes the area of the erack, Ki and Kn are a stress intensity 
faetors corresponding to the first and second mode of the crack growth [15]. 




ty 



Figure 2. The cross section at the crack location. 
The stress intensity factors can be calculated as follows: 




( 6 ) 



where: M is a bending moment, [3 denotes shear factor [16] T is a shear 
force, B,H a are dimensions - see Fig.2, Fi and Fu are a correction function 
in the form [15]: 



f 

F. 

V 

f 




h; 

hJ 



l tan(7ta/2H) 0.752 + 2.02(g / H) + 0.37[1 - sin(7ta / 2H)]^ 
V 7ta/2H cos(7ta/2H) 

1 .30 - 0.65(g / H) + 0.37(a / H)^ + 0.28(a / H)^ 

7l-(a/H) 

(7) 



After simple transformations, the flexibilities of the elastic elements 
modeling of the cracked cross section of the Timoshenko beam spectral 
finite element, can be rewritten as: 
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c 



b 



7271 

biF 



|aF,^ (a)da 

0 



^ 0 

, _ a _ a ^ 

where: a = — , a = — , (see Figure.2) 

H H 

In the non-dimensional form the flexibilities can be expressed as: 



( 8 ) 



0 



b 



EJc, 

L 



0. = 



GAc, 

L 



( 9 ) 



4. OPTIMIZATION METHOD USED 

As the genetic algorithm gives only approximate and fully stochastic 
solution [17] to improve the accuracy of the solution gradient method is 
implemented into optimization method used. The gradient method utilized 
was the Newton algorithm for a function with several variables. Gradient 
method started in two cases: when the mean value of the fitness function 
reached 95% of the assumed value or when the fitness function value for one 
"superindividual" reached 97% of the assumed value. 

The parameters of the genetic algorithm used were as follows: 30 
individuals per population, each individual consisted of 20 bites - 10 bites 
per variable, fitness function was scaled with linear scaling. Individuals were 
chosen for recombination with stochastic universal sampling. One-point 
crossover probability was 90%, mutation probability was 10%. 

The fitness function was assumed as: 



Ff 



1- 


nQm-Qc 


1 |Q. 





( 10 ) 



where: Qm is the "measured" displacement of the beam, Qc is the 
displacement calculated for every parameter generated with the genetic 
algorithm. When the values were the same fitness function was equal to one. 
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5. EXEMPLARY RESULTS 

All numerical calculations were carried out for a steel cantilever beam 
with geometrical dimensions as follow: length 2 [m], height 0,02 [m], weight 
0,02 [m]. The Young’s modulus 210 [GPa], mass density 7860 [kg/m^ ] and 
Poisson ratio was 0,3. 

Next three figures present results obtained from numerical calculation of 
the inverse problem. We assumed that we know the size and location of the 
crack, that means that we calculated the system response for the known 
values of the crack parameters. Then the optimization method started. To 
show the advantages of the method there are several results presented. 




Population number 

Figure 3. Change of mean values of fitness function, relative crack depth and location in 

populations. 

In the first example (Fig.3) it was assumed that the crack with the depth 
equal to 20% of the beam height is located in the relative distance from the 
fixed end equal to 0,4. As the figure shows in the 39* generation there was 
jump into the gradient method, because the mean value of the fitness 
function reached 97% of the assumed value. Crack parameters calculated 
with the genetic algorithm, being the starting point for the gradient method 
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were as follows: the crack depth 0,21 and location 0,39. Values calculated 
with the gradient method were equal to 0,2 and 0,4, what is the exact value 
of the searched crack parameters. 

In the second numerical example the "searched" relative crack parameters 
were: the depth 0,15, the location 0,7. According to the figure the gradient 
method started in the 67* generation, when the mean value of the fitness 
function reached 97% of the maximum. The gradient method started with 
values 0,17 and 0,743. The finally calculated values were 0,15 and 0,75. 
They are exactly the searched crack parameters. 




Population number 



Figure 4. Change of mean values of fitness function, relative crack depth and location in 

populations. 

Last example presented (Fig.5) shows the change of the fitness function 
and the crack parameters calculated with 53 generations of the genetic 
algorithm. For this case it was assumed that the crack is located in the 
relative distance equal to 0,8 and its relative depth is 0,05. The genetic 
algorithm ended in 53'^'* generation. Last iteration with values 0,07 and 0,76 
was the gradient method. The final calculation values were equal to 0,05 and 
0,8, what is the exact match with assumed crack parameters. 

As presented above the proposed optimization method allows to find 
parameters of the crack in a very precise way. 
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Population number 

Figure 5. Change of mean values of fitness function, relative crack depth and location in 

populations. 



6. CONCLUSION 

The proposed spectral model of a Timoshenko beam with a crack 
provides analysis of wave propagation in the structure. This fact makes 
possible utilization of propagating waves for damage detection. 
Implementing optimization method into the process of searching parameters 
of the crack saves calculation time and gives precise solution. Proposed 
method will be developed into elements with more complicated geometry. 
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Abstract: In the paper a design optimization problem of robot grippers is formulated. 

This problem has a multicriteria character in which there are six objective 
functions and several constraints. To solve the optimization model an evolu- 
tionary algorithm based method is proposed. First, the separately attainable 
minima of the objective functions are found. Next, in order to find the best 
compromised solution the weighting min-max approach is applied. Finally, 
the obtained optimal solution is compared with the commercial robot gripper 
B02 made by Global Modular Gripper (Germany). The comparison of the 
results shows that using the proposed method we can improve all the criteria. 

Keywords: multicriteria design optimization, evolutionary algorithms, robot grippers, 

robot mechanisms. 



1. INTRODUCTION 

The problem of optimum design of different meehanisms has quite a long 
history. Most of these problems are modelled by means of nonlinear 
programming [1]. In many cases the solution of these models by means of 
eonventional optimization methods might be diffieult or even impossible. 
Thus recently evolutionary algorithms have become an effective tool to 
solve diffieult optimization tasks [4]. The optimization problem of robot 
grippers has a multicriteria character in whieh several criteria are to be 
eonsidered. Thus, the weighting min-max approaeh is proposed to solve 
multicriteria design optimization of robot grippers. The optimization 
problem is to find dimensions of elements of the grippers which satisfy 
constraints and optimize objective functions. 

207 

T. Burczyhski and A. Osyczka (eds), 

lUTAM Symposium on Evolutionary Methods in Mechanics, 207-218. 

© 2004 Kluwer Academic Publishers. Printed in the Netherlands. 




208 



5. KRENICH 



2. PROBLEM FORMULATION 



2.1 Optimization Model 

Let us consider an example of the mechanism of the commercial robot 
gripper GMG B04 (Global Modular Gripper-Germany [5]). For this gripper 
the kinematical scheme is presented in Fig. 1. 




Figure 1. Kinematical scheme of the robot gripper mechanisms. 

The simplified optimization model of the robot gripper of this kind was 
proposed by Krenich & Osyczka in [2]. In this paper additional constraints 
and objective funetions, which include frietion forees in the joints, are 
introduced in the model. These additions make the model closer to the real- 
life optimization task. The outline of the model can be described as follows; 
Vector of decision variables 

X = [ a, 6, c, e, / I, h, i\ where a, b, c, e, f, I, h, i are dimensions of the 
gripper 

Objective functions 

1. /i(x) - the difference between maximum and minimum griping forces 

minimum f\ (x) = max (x, z) - min F]^{\,z) ( 1 ) 

Z Z 

where: maxF^(x, z), minF^(x,z) are respeetively the maximal and 

Z Z 

minimal gripping force for the assumed range of actuator 
displacement z, where Z„,„ < z < Z„ax- 

2. _^(x) - the force transmission ratio between the gripper actuator and the 
gripper ends 
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minF^(x,z) 

maximum /2 (x) = — — , (2) 

where: P - the assumed constant actuator force. 

3. _/^(x) - the shift transmission ratio between the gripper actuator and the 
gripper ends 



maximum / 3 (x) = 



>’(x,2max) 



7 -7 

^ max mm 



( 3 ) 



where: y(x, y(x, Z„ax)~ gripper ends displacements at the minimal 
and maximal position of the actuator end. 

4. /^(x) - the length of all the elements of the gripper 

L 

minimum /4(x)=2^/,-, (4) 

i=l 

where: /, - the length of the i-th element of the gripper mechanism, 

L - the number of all the elements of the gripper. 

5. y^(x) - the maximal force in the joints 

minimum / 5 (x) = max{f?^- 1 for j=l, 2, ..., LP, (5) 

j 

where: j - the number of the kinematical joint, LP - the number of all 
kinematical joints of the gripper mechanism, Rj - the modulus of the force in 
the y-th kinematical joint. 

6. _/g(x) - the mechanical losses in the gripper mechanism 

This criterion corresponds with the efficiency of the gripper mechanism. 



minimum /g (x) = 
where: F^^(x,z)- 



0 

- the gripping force for the ideal mechanism without 
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the friction moments in the joints, F[ (x, z) - the gripping force for the real 
mechanism with the friction in the joints. 

Note that the functions /i(x), /((x), ^(x), /g(x) are to he minimized, 
whereas the function^(x) and /jCx) are to be maximized. 

Constraints 

On the basis of the geometrical dependencies and dependencies between 
the forces the following geometrical and strength constraints are considered 



in the model: 

Geometrical constraints: 

(x) = fmin - ^ 0 (7) 

g 2 (x) = j(x,z)> 0 for each position of the actuator (8) 

g3(x) = j(x,0)-7jnax ^0 (9) 

g4(x) = l^G->’(x,0)>0 (10) 

g 5 (x) = {h + if -{I- bf - (/ - e)2 > 0 (1 1) 

K 

gg (x) = — - > 0 , for each position of the actuator ( 1 2) 

g 7 (x) = - ^ > 0 , for each position of the actuator (13) 



gg (x) = a>0 , for each position of the actuator 



(14) 



g 9 (x) = a > 0 , for each position of the actuator (15) 

gio (x) = c + a • cos(a)- / + z + b- > 0 , for each position of the 
actuator (16) 

Shear stress constraint: 

4 • max|f?^' j 

g\\i^) = ^dop — ( 17 ) 

2-n -d 

where max{f?y } for j=\, 2, 3, 4, 5, 6 is the maximal force modulus in the 

j 
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kinematical joints A, B, C, D, E, F. 

Minimal gripping force constraint: 

gl 2 (x) = (x, z)-F^ >0 for each position of the actuator (18) 

where: 

y(\,z) - displacement of the gripper ends, 
hmin - minimal dimension of the griping object, 
hmax - maximal dimension of the griping object, 

Yq - maximal range of the gripper ends displacement, 

■^max - maximal displacement of the gripper actuator, 

- assumed minimal gripping force, 
r/ - pin diameter in the j oints, 

Xjgp - allowable shearing stress. 

In addition the upper and lower bounds for the decision variables a, b, c, 
e, f h, i, I are used. 

2.2 Mathematical dependences in the gripper mechanism 

The force dependences: 




Figure 2. The force distribution in the gripper mechanism - layout 1 . 







Figure 3. The force distribution in the gripper mechanism - layout 2. 
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Figure 4. The force distribution in the gripper mechanism - layout 3. 



Md 



►o ^ 

/k D 



Rcy 



ReY // ^DY 

I Rex 

Mc^ E 

h 



RcxI 



Figure 5. The force distribution in the gripper mechanism - layout 4. 



Me 




Figure 6. The force distribution in the gripper mechanism - layout 5. 
Equations of equilibrium for the layouts presented in figures 2-5 are: 

^-Rax-Rcx=^ (19) 

^AX ~^BX =0 



( 20 ) 
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^AY~^BY~^ (21) 

— R^X ^ sin(<x) + Rqy ^ cos(<x) + + M ^ = 0 (22) 

^BX ~ ^DX = 0 (23) 

Rby + BdY ~^K (24) 

— R DY ' b + Ek ' {b c) — M g — M £) = 0 (25) 

^CX + ^BX + ^EX = 0 (26) 

Rcy -RdY +^EY (27) 

7? ■ sin(a) + Ry>y a- cos(a) + R^j^ ■ h ■ sin(«') 

(28) 

— Rj^Y ' b ■ cos(cif) + M Q + M £) + M = 0 

“ ^EX ~ ^FX = 0 (29) 

— R£Y'^Pfy~^ (30) 

Rpx ■ i x,m{l5) - RpY • / • cos(y5) - - Mp =0 (31) 

where M^, Mg, Mp M^, Me, Mf are the friction moments in the kinematical 
joints A, B, C, D, E, F evaluated from the following formula: 

+Ray (32) 

^B = Pcz' — ' V ^BX + ^BY (33) 

Mc=Pcz-xMx+Rcy (34) 

=Pcz' — ' ^^DX +bipY 



(35) 
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-Rcz ' — ' ^|^EX +^EY 



- Rcz' — ' -yJ^FX +^FY 



(36) 

(37) 



After transformation the values of the forces in the joints and the 
gripping force were obtained. The examples of formulas for calculating 
forces are as follows; 



^AX ■ 



+ M 



B ■ 



c-h- sin(y9) • cos(a) ^c-h 
a-b- sin(a) • cos(y9) a ■ b 



1 ^ c ^ cos(a) 

a ■ sin(a) a-b - sin(a) b - sin(a) 



+ Ma- 

J V 

+ M, 



1 



a - sin(a) a-b - sin(a) 



C ■ 






a-b- sin(a) 



Md ■ 



+ M 



E ■ 



+ M 



F ■ 



Ray 



c ^ cos(a) 
a-b- sin(a) b - sin(a) ^ 

c-h- cos(a) 
a-b-i- sin(a) • cos(y9) 

P (c-h- sin(a) c-h- sin(y9) 



c-h- cos(a) 



a-b-i- sin(a) • cos(y9) a-b- sin(a) 



(38) 



2 (a-b- cos(a) a-b- cos(y9) 



■+M 



A ■ 



V 



a-b- cos(a) 



+ M 



B ■ 



+ - I + M, 



c ■ 



+ M 



(a-b-cos{a) b 

c c-h 



a-b- cos(a) 



E ■ 



a-b- cos(a) a-b-i- cos(y9 ) ) 



\ + M 



F ■ 



+ Mja - 

c - h 



1 

-+ - 



a-b- cos(a) b 



a-b-i- cos(y9) 



(39) 



^BX 



+ M 



B ■ 



p 1 


fc-/z-sin(/?)-cos(a) , c-/z^ , | 


/ 


1 

1 


y’l 


sin(or) • cos(y9) a^bj 


1 


^a- 


sin(a) a - 


f 


1 ^ c ^ cos(a) ) 


\+ Mr -\ 





+ M 



D ■ 



a - sin(a) a-b- sin(a) b - sin(a) 



a-b- sin(a) 



+ M p - 



c ^ cos(a) 
a-b- sin(a) b - sin(a) 

c-h-cos{a) 
a-b-i- sin(a) • cos(y9) 



\ 

+ M £ • 1 


' c-h- cos(a) ^ c ^ 


^a-b-i- sin(a) • cos(y9) a-b- sin(a) ^ 


) 



( 40 ) 
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„ P ( c-h- sin(a) c-h- sin(B) \ ( c \ 

R-gy — 1 + M • + 

2 ya- b- cos(a) a-b- cos((3 ) ) ya-b- cos(a ) ) 

( c 0 ( c \ ( c 0 

+ g 1 + A1 • + hi jy 1 + 

\a-b- cos(a) b ) \a-b- cos(a) ) \a-b- cos(a) b 



f c c-h I,, I c-h 

+ £ - + + £ - 

\a-b- cos(a) a-b- i- cos((3 ) ) \a-b-i- cos((3) 



2 l^a-cos(y9) fl-cos(a)J \^«-cos(a)J \^a-cos(a) 



-Me- 



a - cos(a) 



+ -Md - 



a - cos(a) 



-Mg - 



a-i- cos(y9) a - cos(a) 



a-i- cos(y9) 



Geometrical dependences in the mechanism: 




Figure 7. Geometrical dependences in the gripper mechanism. 



jp(x, z) = 2 • (/ + a • sin(a)) 



111 2 -2 1 
h +g -I . 

a = arccos - ® 

2-h- g 

\ O / 
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f 

P = arccos 

V 



. 2.2 , 
I +g -n 

2-i-g 



2 ^ 



J 



+ <p 



(j) = arctan 



/-g 
l — z — b 






(45) 



(46) 

(47) 



3. METHODS OF SOLUTION 

Traditional optimization methods like gradient based methods, systematic 
search methods, simplex methods and so on, fail while dealing with the 
optimization problem of robot grippers. Thus, the constraint tournament 
selection method is used [3]. This method is used to solve both single and 
multicriteria optimization problems of robot grippers. Firstly, the separately 
attainable minima of the objective funetions are found. Next, in order to find 
the best compromised solution the weighting min-max approach is applied. 
For this approach the preference function is as follows: 

J^[f(x)] = max(wi • zj(x)) for /=!, 2,..., 6 (48) 

iel 



where: z,(x) is the relative increment and w, is the weighting coefficient for 
the i-th objective function for which: 



^.(x) = 



f°-f>(x) 



f; 



Zwi =1 
/ = 1 



(49) 



where: 



f® is the separately attainable minimum of the i-th objective 
function. 



4. RESULTS OF OPTIMIZATION PROCESS 

Using the constraint tournament method the following separately 
attainable minima are obtained: 

/i«(x)= 1.185, //(x)= 1.399, 



/ 3 «(x) = 4.167, 
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/ 4 °(x) = 229.58, / 5 «(x) = 50.681, /,«(x) = 23.16. 

Using the weighting min-max method Pareto optimal solutions for 
different weighting coefficients are generated. After several tests the 
following weighting coefficients w/=0.07, W2=0.03, Wi=0.01, W4=0.87, 
W 5 = 0 . 01 , wg=0.0l have given the best compromise solution for which all the 
objective functions are better than those in the commercial robot gripper. 
The comparison of the results is presented in Table 1. The force 
characteristics for the optimal and commercial designs are presented in 
Fig. 8. For the proposed optimal design this characteristic is made for the 
integer model. 

Table 1. Comparison between obtained optimal gripper mechanisms and the 
gripperB02-GMG. 





Gripper 

B02-GMG 


Optimal gripper 
continuous model 


Optimal gripper 
integer model 


Objective functions 


/i(x) 


917.510 


58.372 


58.894 


/2(X) 


0.312 


1.160 


1.128 


fM) 


1.363 


2.501 


2.487 


fM) 


380.00 


337.995 


355.00 


LG) 


450.415 


120.877 


121.046 


LG) 


1370.99 


360.55 


350.77 


Decision variables 


a 


40.00 


33.237 


35.0 


b 


60.00 


35.487 


40.0 


c 


80.00 


120.387 


121.0 


e 


20.00 


10.850 


10.0 


f 


20.00 


15.154 


15.0 


h 


20.00 


13.536 


14.0 


i 


20.00 


18.450 


20.0 


1 


120.00 


90.894 


100.0 



5. CONCLUSIONS 

The results obtained in the paper while optimizing the commercial design 
of the gripper show the effectiveness of the proposed approach. This means 
that using the evolutionary based method we can significantly improve the 
design, i.e., all the assumed criteria can be better than those in the 
commercial robot gripper. Moreover the evolutionary algorithm, which was 
used to solve the problem presented above, is a very effective tool to solve 
highly constrained optimization problems as well as the problems with the 
computationally expensive objective function. The method reduees the 
computation time and produce better results. 
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Figure 8. Force characteristics of optimal and commercial grippers 
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Abstract: In the paper an optimization problem of design of multiple clutch brakes is 

presented. The problem has a multicriteria character in which there are four 
objective functions and several constraints. To solve this problem a multistage 
approach to multicriteria design optimization is proposed. At all stages 
bicriteria optimization models are solved using evolutionary algorithms. After 
solving each model the set of Pareto optimal solutions is generated and can be 
graphically illustrated in the space of objectives. Then this set is presented to 
the designer who decides on which level one of the objective functions is 
treated as the constraint. The process is repeated till all the objective functions 
are considered. 

Keywords: multicriteria design optimization, evolutionary algorithms, multiple clutch brakes. 



1. INTRODUCTION 



The problem of optimum design of different machine elements and 
assemblies has quite a long history. Most of these problems are modelled by 
means of nonlinear programming. In many cases optimization models have a 
multicriteria charaeter in which using conventional optimization methods to 
generate a set of Pareto optimal solutions and then to seleet a compromised 
solution might be diffieult or very limited. Thus recently evolutionary 
algorithms have become an effective tool for solving multicriteria 
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optimization tasks [1,2,3]. Optimization of multiple clutch brakes is an 
example of a multicriteria design task in which four criteria are considered. 
In the paper a multistage evolutionary optimization method is used to solve 
this task. 



2. OPTIMIZATION MODEL 

Let us consider an example of a multiple clutch brake, the configuration 
of which is shown in Fig. 1 . 




Figure 1. Scheme of the multiple clutch brake 



The optimization model of the problem is as follows: 

Parameters 

The designer must provide the data for the following parameters: 
i?,min ^ minimum inner radius [mm], 

^omax ^ maximum outer radius [mm], 

AR = minimum difference between radii [mm], 

^max ^ maximum disc thickness [mm], 

8 = distance between discs when unloaded [mm], 

Lmax ^ maximum length [mm], 

Zmax ^ maximum number of discs, 

Fjmax ^ maximum relative speed of the slipstick [m/s], 

= coefficient of friction, 
p = density of material [kg/mm^]. 
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s = factor of safety, 

M^ = static input torque [Nm], 

M j- = frictional resistance torque [Nm], 

n = input speed [rev/min], 

Pmax ^ maximum allowable pressure on the disc [Mpa], 

= moment of inertia of the working machine [kg mm^], 

^max ^ maximum stopping time [s], 

-^max ^ maximum actuating force [N], 

Decision variables 

The vector of the decision variables is x = [i?, ,Rg,A,F,z\'^ , where: 

Rl = inner radius [mm], 

= outer radius [mm], 

A = thickness of the discs [mm], 

F = actuating force [N], 

Z = number of friction surfaces. 

Objective functions 

The vector of the objective functions is: 

/(x) = [f\ (x), /2 (x), /3 (x), /4 (x)] ^ ( 1 ) 



where: 

/l(x) = mass of the brake [kg], 

/2 (x) = stopping time [s], 

/3 (x) = outer radius [mm], 

/4 (x) = number of friction surfaces []. 

All the objective functions are to be minimized and can be evaluated as 
follows: 

Mx) = k\r,'^ -Ri^\A-{Z + \)-p .21 



/2(x)=4 = 



J 2 ATS 
M + M y 



h{^) = Ro 
f4i^)=Z 

where: braking torque is 



( 3 ) 

( 4 ) 

( 5 ) 




222 



S. KRENICH, A. OSYCZKA 



2 r] -Rf 

3 R^-Rf 



and input angular velocity 03 is 
m = nn/30 

All the objective functions are to be minimized. 

Constraints 

The inner radius must not be smaller than the specified minimum 



g\{^) = Ri - Rimin ^0 



( 6 ) 

(V) 



( 8 ) 



The outer radius must not be greater than the specified maximum 



(*) “ ^omax ^ 



( 9 ) 



The distance between the outer and the inner radii must not be smaller than 
the specified minimum 

g^{x)^R,-Ri-ER>0 ( 10 ) 

The disc thickness must not be smaller than the specified minimum 

g4(x) = ^-^max^0 (11) 



The disc thickness must not be greater than the specified maximum 

gsW^^max-^^O (12) 

The length of the brake must not be greater than the specified maximum 

g6W-i^max-(2 + l)-U + 5)>0 (13) 

The number of friction surfaces must not be greater than the specified 
maximum 



g7(x) = Zmax -(Z + l)> 0 

The number of friction surfaces must not be less than 1 



(14) 



g8(x) = Z-l>0 



(15) 
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The pressure constraint has the form 

g^9 (x) = /?max ~ ^ (16) 

where: real pressure is 

Prz=f (17) 

where: friction surface S is 

5 = ( 18 ) 

The temperature constraint has the form 

S^io(^) = Pvtmx ' ^irmax ~ Prz ' ^sr — ^ (19) 

where: the mean relative speed of the slipstick is 

_ E-Rgr -n 

^ 30 



where: mean friction radius is 




The relative speed of the slipstick constraint has the form 

1 (x) = Vsr max ( 22 ) 

The stopping time constraint is 

= ( 23 ) 

The generated torque must he greater than the input torque times the safety 
factor s 

g,^{x)^Mf,-s-M,-V,,>0 (24) 



The stopping time must not he less than 0 
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S\A{^) = th ^0 



(25) 



The actuating force must not be less than 0 

gj5(x) = T’>0 



(26) 



The actuating force must not be greater than the specified maximum 

-^^0 (27) 



3. MULTISTAGE EVOLUTIONARY ALGORITHM 
BASED METHOD 

The decision-making problem is fairly easy when two criteria are 
considered. This process becomes more difficult when more than two criteria 
should be considered and when the set of Pareto optimal solutions is large. 
This occurs while dealing with the optimum design of the multiple clutch 
brake. For example for the problem presented below 621 Pareto optimal 
solutions were obtained while using an evolutionary optimization method. 
Making decision on the bases of this set is a fairly difficult task. Thus in the 
paper a new multistage optimization process is proposed. The outline of this 
process is as follows: 

Step 1. Order the objective functions according to their significance for 
fhe design process. 

Step 2. Sef n = \, where n is fhe considered stage of the optimization 
process. 

Step 3. Find the Pareto set for the objective functions /,(x) and /„+i(x). 

Step 4. Consider the function f„{x) as the additional constraint of the 
form f„{x) < F„u for minimized functions or f„{\) > F„i for 
maximized functions, where and F„i are suitably the upper 
and lower restrictions given by the designer. 

Step 5. Set n = n+ l,ifn< N-1, go to Step 2, otherwise go to Step 6. 

Step 6. Check the obtained results and if they are satisfied terminate 
the calculations, otherwise make a new order of objective 
functions and repeat the procedure from Step 2. 

Verbally this method can be described as follows. At all stages bicriteria 
optimization models are solved giving in each case Pareto optimal solutions, 
which can be graphically illustrated in the space of objectives. At each stage 
from the obtained set of the Pareto optimal solutions, the designer decides 
how to change one of the two objective functions into a constraint and which 
new criterion can be considered in the next stage. In particular all decisions 
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of the designer consist in choosing the most preferable ranges of objectives. 
Note that the results of the optimization process depend on the ordering of 
the objective functions, i.e., which one is considered as the first objective 
function, the second and so on. To solve bicriterion optimization models in 
each step an evolutionary algorithm based method called the constraint 
tournament selection method [4] is applied. 

4. NUMERICAL EXAMPLE 

For the model given above the optimization process was considered as a 
discrete programming problem. Data for the optimization process were as 
follows: 

Parameters for the brake: 

7?, min = 35 [mm], 7?„max = 1 10 [mm], NR = 20 [mm], 

^min^ 1.5 [mm], ^max^ lO-O [i™n]? S= 0.5 [mm], 

Lmax= 100 [mm], p= 0.5 [ ], p= 0.0000078 [kg/mm^], 

Pdop~ 1 [MPa], -^max” 1H> l^max~ I® [^^s], 

A: = 1.8, Fmax= 1000 [N], W = 15 [s], 

n = 250 [rpm], M^ = 50 [Nm], M^ = 3 [Nm], 

I^ =55 [kg*mm^]. 

Data for the evolutionary algorithm; 

population size = 200, number of generations = 400, 

crossover rate =0.6, mutation rate =0.08. 

Discrete values of the decision variables: 

Xi = {35, 56, 57, ...,78, 79, 80},X2 = {60, 91, 92,..., 108, 109, 110}, 

X3= {1.5,2,2.5, ...,9,5, 10},X4= {600,610, 620,..., 980, 990, 1000 }, 
X5={2,3,4, 5, 6, 7, 8, 9,10}. 

Assuming that the objective functions are ordered in the same way as in 
the optimization model, the stages of the optimization process are as follows: 

Stage 1 

In this stage the following two criteria are considered: 

- /i(x) the function which describes the mass of the brake [kg], 

- _/ 2 (x) the function which describes the stopping time [s]. 

The constraints are given from the basic model by the equations (8-27). 
After solving the bicriterion model above the set of Pareto optimal solutions 
generated by the evolutionary algorithm is as presented in Fig.2. 
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Figure 2. Set of Pareto optimal solutions for the break 
design problem from stage 1 (94 solutions). 



Stage 2 

At this stage the designer decides on which level the first ohjective 
function will he treated as the constraint. Assuming that the mass of the 
break should be less than Fi„=l [kg], the following constraint is added to the 
existing set: 

g\l (x) = - 7t • - i? .2 ). ^ . (z + 1) . p > 0 (28) 

where: is the assuming upper limit on the first objective function. 

The remaining constraints are as considered at Stage 1. A new objective 
function is introduced into the optimization model and now the bicriterion 
optimization problem is as follows: 

- /i(x) the function which describes the stopping time [s]. 

- yjCx) the function which describes the outer radius [mm]. 

The results of the optimization process for the above model are presented 
in Fig.3. 

Stage 3 

At this stage of the optimization process it is assumed that the stopping time 
will be considered as a constraint with the assumed upper bound F2„=5.5. 
Thus, an additional constraint is added to the model. This constraint has the 
form: 



.?18 



{^)=Flu - 



J, • C5 



>0 






(29) 
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Figure 3. Set of Pareto optimal solutions for the break design 
problem from stage 2 (18 solutions). 



The remaining constraints are as considered at Stage 2. The objective 
functions at this stage are: 

- f](x) the function which describes the outer radius [mm], 

- f 2 (x) the function which describes the number of friction surfaces. 

The results of the optimization process for this stage of calculations are 
presented in Fig. 4. The solutions from the last set are presented in Table 1. 
As it is for most multicriteria optimization problems the final decision as to 
the choice of the solution belongs to the designer. If none of the solutions 
from the last stage of calculations satisfies the designer, he may repeat 
calculation from any stage assuming other limit values for the objective 
function. 




outer radius [mm] 



Figure 4. Set of Pareto optimal solutions for the break 
design problem from stage 3 (4 solutions). 
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Table 1. Two solutions from the Pareto set obtained at 3-th stage of the optimization process 





Objective functions 


Decision variables 




/i(x) 


/2(X) 


/3(X) 


Alx) 


Ri 


^9 


A 


F 


Z 


1 


0.99 


4.92 


85,0 


8,0 


65,0 


85,0 


1,5 


980,0 


8,0 


2 


0.97 


4.98 


93,0 


7,0 


73,0 


93,0 


1,5 


1000,0 


7,0 



5. CONCLUSION 

In the paper the multistage process of multicriteria design optimization of 
multiple clutch brakes is discussed. From the results obtained it is clear that 
this method provides the designer with a new and very effective tool for 
solving fairly complicated tasks considering both the complexity of the 
optimization model and the decision making problem. The method has a 
universal character and can be applied to solve a wide range of multicriteria 
design optimization problems. 
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Abstract: The paper presents an application of distributed evolutionary algo- 

rithms into optimization of nonlinear solids. The distributed evolu- 
tionary algorithms work similarly to partially isolated sequential evo- 
lutionary algorithms. The advantage of distributed evolutionary al- 
gorithms is shorten computational time in comparison with sequential 
evolutionary algorithms. The fitness function is computed with use of 
finite (FEM), boundary (BEM) or coupled boundary and finite element 
methods (BEM-FEM). 

Keywords: distributed evolutionary algorithms, optimization, nonlinear, FEM, BEM, 
coupled BEM-FEM 

1. INTRODUCTION 

The shape optimization problem of elasto-plastic structures can be 
solved using methods based on sensitivity analysis information (e.g. 
[1][7]) or non gradient methods based on genetic algorithms (e.g. [4] [5]). 
This paper is devoted to the method based on distributed evolutionary 
algorithms. This work is an extension of previous own papers in which a 
sequential evolutionary algorithm was used to the shape optimization of 
elasto-plastic structures [4] [5] and present a new method for optimizing 
structures with geometrical nonlinearities. Applications of evolutionary 
algorithms in optimization need only information about values of an 
objective (fitness) function. The fitness function is calculated for each 
chromosome in each generation by solving boundary - value problem 
of elasto-plasticity by means of the finite element method (FEM), the 
boundary element method (BEM) or Coupled Finite and Boundary El- 
ement Method (EEM-BEM). This approach does not need information 
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about the gradient of the fitness function and gives the great probability 
of finding the global optimum. The main drawback of such approach 
is the long time of calculations. The application of the distributed evo- 
lutionary algorithms can shorten the time of calculations but there are 
additional requirements are need: a multiprocessor computer or a cluster 
of computers are necessary. 

2. FORMULATION OF THE PROBLEM 

A body which occupies the domain 17 bounded by the boundary T is 
considered (Fig. 2a). The body is made from an elasto-plastic material 
with hardening. Boundary conditions in the form of displacements and 
tractions are prescribed and body forces are given. One should find the 
optimal shape of the body to minimize the areas of plastic zones in the 
domain 17. Such an optimization criterion can be achieved by minimizing 
the fitness function: 

minF(x) = J ^dl7 (1) 

n 

where : 

_ J fj when fj > fjp , . 

(0 when u < cjp 

cj is a Huber-von Mises yield, uq is a reference stress, Up plastic stress 
and X is a chromosome vector. 

The shape optimization of structures with geometrical nonlinearities 
could be performed minimizing structure displacements. The fitness 
function can be formulated in the form: 




where q is the displacement value, qo is the reference displacement. Con- 
strains in the form of an admissible volume of the structure and bound- 
ary values of design variables are imposed. The shape of the optimized 
structure is defined using NURBS (Non-Uniform Rational B-Splain) [9] . 
There is a need of conversing curves into line segments and than the 
structure is meshed using triangle finite elements (FEM), using bound- 
ary elements and cells (BEM), or partially by finite and boundary ele- 
ments (FEM-BEM). The Triangle [10] code is used for body meshing. 
The coordinates of NURBS curve control points play the role of genes 
in the chromosome. Sequentially Genetic Algorithms (SGA) are well 
known and applied in many areas of optimization problems [8] . The main 
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disadvantage of SGA is the long time needed for computation. The dis- 
tributed genetic algorithms [11] and distributed evolutionary algorithms 
(DEA) can make the computation time shorter when more processors 
are available. The DEA implementation proposed in this paper can 
be performed on multiprocessor computers or on computers connected 
by network. DEA work similarly to many sub-evolutionary algorithms 
logically connected. The global population of chromosomes is divided 
into sub-populations. Every sub-population evolves separately, and the 
only connections between sub-populations are done during the migration 
phase - when some chromosomes migrate between sub-populations. The 
topology of DEA decides which sub-populations exchange chromosomes 
between each other. The number of migrating chromosomes and time 
between migrations are important parameters of DEA (instead of typical 
SGA parameters). Three types of DEA regarding to a migration model 
can be considered: 

- isolated DEA - there are no migrations, 

- synchronous DEA - migrations are produced at the same time, 

- asynchronous DEA - migrations are produced at different time, de- 
pending on the population state or randomly changed. 

In the present research the asynchronous DEA are used, because com- 
puters with different speeds were used, and time consumption needed for 
evaluating the fitness function is different for each chromosome, so syn- 
chronizing would slow down the computing. The problem how many 
migrants should be selected and how frequently a migration should take 
place are open questions. In the paper the best individual in each sub- 
population is chosen and migrates into other sub-populations. A new- 
comer replaces the worst individual in each sub-population. Elowchart 
of the distributed evolutionary algorithm used in the tests is shown in 
Eig. 1. An evolutionary algorithm for one sub-population is shown. 
The evolutionary optimization is performed in a few steps. At first, the 
starting population is randomly generated. Than a new server thread 
is created. The server contains chromosomes which emigrate to other 
sub-populations. The fitness function values for every chromosome are 
computed using stresses obtained by the direct EEM, BEM or FEM- 
BEM. The shape of the structure is created by means of genes. Than 
emigrating chromosomes are selected and copied into servers buffer. If 
the migration phase occurrs, the client part of application communi- 
cates with other sub-evolutionary algorithms and takes chromosomes 
from theirs buffers. Some chromosomes are put into the population de- 
pending on the selection process. The next step is to create the offspring 
population using evolutionary algorithm operators. The next iteration 
is performed if the end computing condition is not fulfilled. The end 
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computing condition can be expressed as the maximum number of it- 
erations. The flowchart of the optimizing algorithm is shown in Fig.l. 




Figure 1. A distributed evolutionary algorithm (one subpopulation) 

The real-coded evolutionary algorithm which operates on chromo- 
somes containing real values was used. Six evolutionary operators were 
used: Gauss, uniform and boundary mutation, simple (one point) and 
arithmetic crossover and rang selection. Mutation operators introduce 
a new genetic material into the population. The uniform and Gauss 
mutation changes randomly selected genes in chromosomes adding new 
values with uniform or Gauss distribution. Boundary mutation changes 
gene value into one of bound values. The crossovers combine the ge- 
netic material inside the population. The simple crossover creates a 
pair of offspring chromosomes depending on two parent chromosomes. 
The offspring contains some genes from one and some from other par- 
ent. The arithmetic crossover formats offspring chromosomes containing 
genes which values are linear combination of parents. The rank selection 
decides which chromosomes will be in the new population. The selection 
is done randomly, but the fitter chromosomes have bigger probability to 
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be in the new population. The probability of being in the new popula- 
tion does not depend on the fitness function value, but on the number 
of chromosomes ordered according to the fitness function values. 

3. COMPUTATION OF THE FITNESS 
FUNCTION VALUE 

3.1 FEM computation 




b) finite eiement 




Figure 2. The elasto-plastic body: a) before, b) after FEM discretization 

The boundary conditions for an elasto-plastic body (Fig. 2a) in the 
terms of tractions field p and displacement u are prescribed on the 
boundary T. The body forces b are given in the domain tl. Incremental 
equilibrium equation can be expressed as follows [6]: 

Kydq = df (4) 

where K-p is the tangent stiffness matrix, dq increment of nodal dis- 
placement, df increment of nodal forces. 

3.2 FEM computation using MSC/Nastran 

In some cases (geometrical nonlinearities, shells) MSC/Nastran soft- 
ware is used. Mesh is created on the base of the chromosome genes first. 
The MSC/Nastran input file is created and MSC/Nastran is invoked to 
compute a FEM problem. Then output files have to be imported and 
the fitness function value is computed. 

3.3 BEM computation 

An elasto-plastic body (Fig. 3) is discretized using boundary elements 
on the boundary and cells inside the body before computing stresses 
values. The initial strain method is used for solving elasto-plastic struc- 
tures using the BEM. The boundary integral equation for elasto-plastic 
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a) b) 




Figure 3. The elasto-plastic body: a) before, b) after BEM discretization 



structures can be expressed as: 

cu = / U*pdr - [ P*udT + [ U*bdO + [ T*ePdn (5) 



where U*, P*, T* are fundamental solutions, u is an displacement 
vector, p is the tractions vector, b is body loads vector and £p are plastic 
strains. The stresses inside the body can be achieved using the equation: 




S*udT + 



J D*bdfi + J 

ft 



T*£Pdn + r£P{x) (6) 



where D*, S* are fundamental solutions and is a coefficients matrix. 



3.4 Coupled FEM-BEM computation 




Figure 4- The elasto-plastic body: a) before, b) after FEM-BEM discretization 



The domain of a body is divided into the BEM tii and the FEM 
YI 2 regions. The region has the boundary Ti and the region Q 2 - 
the boundary T 2 , as shown in Fig. 4. Nodes (but not elements) on 
the intersected part of the boundaries are common for the BEM and 
the FEM. The FEM part of the body has to be discretized using finite 
elements and the BEM part using boundary elements (one assumes that 
body forces in BEM region do not exist). For the FEM part of the body 
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one can write: 

K^u = (7) 

One can write equation for the BEM region without plastic strains as: 

Hu = Gp (8) 

where H and G are coefficient matrices, u is the displacements vector, 
p is the tractions vector. After rearrangement one achieves: 

MG"^Hu = Mp (9) 

where M is a shape function matrix. Substituting = MG~^H and 
= Mp one obtains: 

K^u = f2 (10) 

which is similar to the FEM system of equations. Matrices K^, 
and vectors f^, f^can be agregated. The final equation is computed 
iteratively due to nonlinearities in the FEM region. The matrix is 
substituted by the tangent stiffness matrix K^. 

4. NUMERICAL EXAMPLES 

In each test problem a material with the characteristic presented in 
Fig. 5 is used. Ei and E 2 are Young’s modules, £p is the yield strain 




Figure 5. Uniaxial stress-strain curve for material used in tests 

and (Tp is the yield stress. 

Numerical example 1. 

A 2-D structural element is considered (Fig. 6a). The external bound- 
ary and the hole boundary undergo shape optimization. The external 
boundary was modelled using the NURBS curve with 3 control points 
(one of them can be moved - 2 design variables) and the internal hole was 
modelled using 4 control points NURBS curve (each can be moved - 8 de- 
sign variables). The fitness function was computed using the FEM. The 
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material data are: E\ = 2- lO^MPa, E 2 = 0.5 • lO^MPa, Up = 250MPa, 
/r = 0.3, plate thickness 5mm. The parameters of the distributed evo- 
lutionary algorithm are: the number of subpopulations - 4, the number 
of chromosomes in subpopulations - 125, migration occurs in every gen- 
eration, the number of emigrating chromosomes - 1. The shape of the 
boundary after the first and the 196th generation is shown in Fig. 6. 
The plastic areas are marked using gray color. 




Figure 6. The optimized plate: a) geometry, b) best after 1st generation, c) best 
after 196th generation 

Numerical example 2. 

The problem of the shape optimization of a half K-structure is con- 
sidered (Fig. 7). The material data and parameters of the DEA are given 
in Table 3. The traction-free boundary is modelled by 2 NURBS curves 
with 3 control points each. The fitness function was evaluated by the 
BEM. The material data are: E\ = 2 ■ 20^MPa, E 2 = 0.5 • lO^MPa, 
(Tp = 150MPa, /i = 0.3, plane strain. The parameters of the distributed 
evolutionary algorithm are: the number of subpopulations - 4, the num- 
ber of chromosomes in subpopulations - 100, a migration occurs in every 
generation, the number of emigrating chromosomes - 1. The shape of 
the structure after first and the 476th generation is shown in Fig. 7. Gray 
color was used to mark the plastic areas. 

Numerical example 3. 

A 3-D shell is considered (Fig. 8a). The shell has 10 holes with the 
constant radius. The holes can be moved. The optimization criterion 
is to minimize integral over shells displacements. The shell was com- 
puted considering large displacements. The fitness function was evalu- 
ated using MSC/Nastran. The material data are: E\ = 2 ■ 10^ MPa, 
E 2 = 0.5 • lO^MPa, Up = 300MPa, /r = 0.3, plate thickness 10mm. The 
parameters of the distributed evolutionary algorithm are: the number 
of subpopulations - 4, the number of chromosomes in subpopulations 
- 250, migration occurs in every generation, the number of emigrating 
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Figure 7. A half of K-structure: a) geometry, b) best after 1st generation, c) best 
after 476th generation 



chromosomes - 1. The shape of the shell after the first and the 500th 
generation is shown in Fig. 8. 




Figure 8. Shell: a) geometry, b) best after 1st generation, c) best after 500th 
generation 



Numerical example 4- 

Infinite domain with 3 holes is considered (Fig. 9a). The holes have 
constant radii. There are 6 design variables, each pair of variables de- 
fines the center position of the hole. The holes could be placed inside 
the region marked with doted line (Fig. 9a). The region near the holes is 
discretized using finite elements and the rest of the region is discretized 
using boundary elements. The optimization goal is to minimize the ar- 
eas of plastic strains, changing the positions of the holes. Constrains on 
the variability of hole center positions are imposed. The material data 
are: Ei = 2 ■ W^MPa, E 2 = 0.5 • lO^MFa, ap = 300MPa, /x = 0.3, 
plate thickness 1mm. The parameters of the distributed evolutionary 
algorithm are: the number of subpopulations -1 — 4, the number of chro- 
mosomes in subpopulations - 30, a migration occurs in every generation, 
the number of emigrating chromosomes - 10. The optimal distribution 
of holes for best chromosome in first and the last generation are shown 
in Fig. 9. 
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Figure 9. Holes in infinite medium: a) geometry, b) best after 1st generation, c) 
best after optimization 



The speedup achieved using the distributed evolutionary algorithm 
with different numbers of processors were measured The problem was 
solved several times for different number of processors. In the tests 
two, two-processors 1.4GHz Pentium 4 computers were used. The tests 
were interrupted after achieving the assumed fitness function value. The 
speedup of the optimization is shown in Fig. 10. The speedup is defined 
as a time needed to perform the optimization on single processor divided 
by the time needed on n-processors. The linear speed up which is the 
maximal speed up for the parallel evolutionary algorithm is also marked 
in Fig. 10. 




Figure 10. Speedup of computations 
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5. CONCLUDING REMARKS 

Evolutionary shape optimization of nonlinear structures is as a rule 
the time-consuming because the nonlinear boundary- value problem should 
be solved for each chromosome. Applications of the DEA considerably 
speed up the evolutionary process of optimization. 
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Abstract: This research aims to develop effective and robust self-organizing adaptive 

penalty strategies (SOAPS and SOAPS'^) for genetic algorithms to handle 
constrained optimization problems without the need of searching for proper 
values of penalty factors for a given optimization problem in hand. The 
proposed strategies are based on the idea that the constrained optimal design is 
almost always located at the boundary between feasible and infeasible 
domains. Both adaptive penalty strategies automatically adjust the value of the 
penalty parameter used for each of the constraints according to the ratio 
between the number of designs violating the specific constraint and the 
number of designs satisfying the constraint. The goal is to maintain equal 
numbers of design in each side of the constraint boundary so that the chance of 
locating their offspring designs around the boundary is maximized. Illustrative 
examples showed consistently improved performance on locating the global 
optimum in the problem with only inequality constraints and in the problem 
with both inequality and equality constraints. 

Keywords: genetic algorithms, penalty function, constraint handling, constrained 

optimization, equality constraint, inequality constraint. 



1. INTRODUCTION 

Most genetic algorithms were used as a tool of solving unconstrained 
optimization problems at the early stage of development [1], [2], [3], When 
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researchers started to apply genetic algorithms to design optimization 
problems of varied disciplines, it was the time that strategies had to be 
invented so that genetic algorithms could handle constraints encountered in 
most real-life design problems. 

The big step of extending the capabilities of genetic algorithms to solve 
constrained problems in an efficient manner is the use of the penalty 
function, borrowed from the traditional sequential unconstrained 
minimization techniques (SUMT). In SUMT, a pseudo-objective function is 
defined by adding a penalty due to constraint violation on the original 
objective function. The value of the penalty depends on the degree of 
constraint violations, which is zero for a feasible design in the most often 
used exterior penalty function method. An infeasible design with a violation 
on a given constraint will cause an amount of penalty to be added on the 
objective function. 

Many penalty function methods that required the users to define proper 
values for penalty parameters worked well in their illustrative problems but 
the performance may be degraded in other problems. Furthermore, in order 
to effectively apply to general optimization problems, the penalty function of 
a robust algorithm needs to be problem-independent. Most penalty strategies 
that have been proposed, unfortunately, are more or less problem-dependent. 
Michalewicz and Schoenauer [4] noted that although many sophisticated 
penalty function methods were reported as favorable and promising tools for 
constrained genetic searches, the traditional static penalty function method 
was found relatively reliable and robust due to simplicity of the penalty 
function. More detailed description of existing penalty function techniques 
for constrained genetic searches was provided [5], [6]. It is clear that due to 
the difficulties of proper definition of penalty parameters, there are currently 
two major trends of approaches that work on elevating the search 
effectiveness of genetic algorithms on constrained optimization problems. 
The first trend is the development of parameter-free, self-adaptive penalty 
function based methods. The second trend that avoids penalty functions uses 
special operators to create crossover pairs that contain members from the 
feasible domain and the infeasible domain. 

In the rest of this paper, a parameter-free and problem-independent 
penalty function method, SOAPS, that seeks to maintain equal populations 
on either side of each constraint boundary is proposed. A special treatment is 
then applied on the SOAPS algorithm so as to improve search effectiveness 
on problems with equality constraints, and thus creating the SOAPS'^ 
algorithm. The strengths of these strategies are demonstrated in two 
illustrative problems. 
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2. SELF-ORGANIZING ADAPTIVE PENALTY 
STRATEGY - SOAPS 

Consider the following constrained minimization problem: 



Minimize: F(\)IF* 


(1) 


a . 

Subj ect to : g (x) = ^ 1 < 0, y = 1, w 


(2) 


L ^ ^ V -1 

X; < X; < X; , / = 1, W 


(3) 


where F* is the normalization factor for the objective function. 
The pseudo-objective function is defined as follows: 




Minimize: O (x) = F(x) -I- P(x, q') 


(4) 


\ 100-1-^ 1 q A 

^ X^r/xAg. 
100 m j 


(5) 



where q is the generation number, F the penalty parameter for the jth 

constraint at generation q, and Agj the constraint violation for the yth 
constraint. The iterative penalty parameters can be updated in the following 
manner: 



rj = rf X 



1 - 



(/;-o.5) 



,q>i 



( 6 ) 



where is the feasibility ratio for the yth constraint at generation q. At the 
first generation, q=\, the initial penalty parameter for the jth constraint is 
defined as follows: 



QRlbj 

QRL 



(7) 



where QRltj is the interquartile-range of the objective function values of 
initial population, and QRl„„j interquartile-range of the yth constraint 
violation values of initial population. 

The interquartile range of the objective function values of designs in the 
first generation is defined according to the following steps. Designs in the 
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first generation are arranged into a sequence based solely on their objective 
function values. The design placed in the middle of the sequence is called 
the median design. The function value difference between the design placed 
one quarter of the population size ahead the median design and the design 
placed one quarter of the population size behind is defined as the 
interquartile range of the objective function values for the first generation. 
An illustrative example of the interquartile range of a function value of a 
population is shown in Fig.l. The interquartile range of the function of the 
population is 55, the difference between 23 and 78. 



Original design sequence 

12 34 55 6 67 14 88 115 78 53 23 98 5 47 62 30 142 

Rearranged design sequence based on function values 
5 6 12 14 23 30 34 47 53 55 62 67 78 88 98 115 142 

ill 

Quarter ahead Median Quarter behind 

Figure 1. Illustration of interquartile range of a design sequence. 

In a similar approach, the interquartile range for each of the constraints 
can be attained for the initial population. By using the ratio between quartile 
ranges of the constraint and the objective function, proper normalization are 
automatically achieved without a prior knowledge on the objective and 
constraint function distributions. 

In each generation, the penalty parameter of each constraint is increased 
or decreased according to the feasibility percentage of each constraint. The 
term (100+q)/100 serves to increase the pressure on infeasible designs along 
evolution so as to gradually move the location of the minimum design for the 
pseudo-objective function back to where the true constrained optimum is. It 
is noted that no parameters in the penalty function need to be defined by 
users. Furthermore, the normalization between the objective and constraint 
functions is automatically achieved. It is a parameter free penalty function. 



3. EQUALITY CONSTRAINT CONSIDERATION - 
SOAPS® 

Most engineering optimizations comprise only inequality constraints. 
Most constraint handling techniques are developed mainly to tackle 
inequality constraints. Equality constraints received insufficient attention 
and are relatively difficult to handle. Equality constraints are always active 
constraints on which the global optimum must reside. It is therefore the goal 
that designs are maintained and equally distributed on both side of each of 
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the equality constraints. In SOAPS, the design distributions on each 
inequality constraint are taken into aecount and the penalty parameter is 
accordingly adjusted to create a pressure to form a 50%-50% distribution on 
either side of the inequality eonstraint. It is noted that it is only a pressure, 
not a compulsory execution to obtain an even distribution. Designs that are 
not located on the equality constraint line are subject to penalties, and the 
designs on the infeasible part of another inequality constraint will receive 
double penalties compared to designs located on the feasible part of the 
inequality eonstraint. This will create an extra migration pressure to move 
designs toward the pseudo-feasible part (not considering equality constraints) 
of the design space. The imbalanced design distribution caused by equality 
constraints cannot be resolved by SOAPS. Therefore, the self-organizing 
adaptive penalty strategy with equality constraint consideration, SOAPS'^, is 
ereated. 

Consider the following constrained minimization problem: 



Minimize: F(x) (8) 

Subject to: ^/(x) = 0, j = l,k (9) 

gy(x)<0, j = \,m (10) 

xf <x^<x^ , i = l,n (11) 

These constraints can be rewritten in the following form: 

Subject to: g( 2 y-i)W = ^/ (x)<0, j = \,k (12) 

g2/(x) = -^/(x)<0, j = \,k (13) 

g(2k+j) (x) = g j (x) <0, j = l,m (14) 



Each equality constraint is firstly split into two inequality eonstraints as 
shown in Equation (12) and (13). The value of eaeh of these two constraint 
functions is reduced by an amount that initially depends on the initial 
equality function value distribution and will decrease along the number of 
generation in an exponential manner. These two modified constraint 
functions for equality constraints are as follows: 



g(2y-i) (X) = h j (X) - MID^; X EXP( ^) < 0, 

total Gen# 


j = l,k 


(15) 


(X) = -hj (X) - MID^r X EXP{ J < 0, 

totalGen# 


j = \,k 


(16) 
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where MID^-^ and MID^L represents the median value of all positive 

function values, and all negative values, respectively, for the yth equality 
constraint function in the initial population and totalGen# is the expected 
total generation number in a genetic search. 



4. ILLUSTRATIVE PROBLEMS 

The SOAPS is firstly tested on one numerical problem with only 
inequality constraint functions. The results of SOAPS on the testing problem 
are compared with Lin and Hajela’s strategy [7] and Joines and Houck’s 
approach [8], in which three parameters, C, a, and P, are exclusively set to as 
0.5, 2 and 2, respectively. The SOAPS® algorithm is then tested in a problem 
with both inequality and equality constraints. In the first test problem, each 
genetic search with a specific penalty strategy and a unique set of parameters 
is executed ten times by using different random seeds. 

The first numerical test problem is defined as follows [9]: 

Minimize: 

F{\) = [xf + xl +XjX2 -14Xj -16x2 +(x3 -10)^ +4(x4 -5)^ 

+ (X 5 -3)^ +2(xg - \f +5 x^t +l{x^ -11)^ (17) 

+ 2(x9 -10)^ +(xio -7)^ +100]/100 
Subject to: 



, , 4 x, -1- 5 x2-3x7 -1- 9 xo , ^ 

gi(x) = ^ ? ^ ^-1<0 

105 


( 18 ) 


j, . ._ 3 (xi- 2 ) 2 + 4 (x 2 - 3 )^ +2X3-7X4 
^ 120 


( 19 ) 


„ lOxi -8x2 -17x7 +2xg 

giW- 


(20) 


_ xf -h 2 (x2 - 2 y - 2X1X2 + 14X5 - 6xg ^ ^ 
100 


(21) 


„ + 2X2 + 5x9 - 2xio J ^ Q 


(22) 


j, M _ + ^^2 + (^3 - - 2x4 ^ ^ ^ 

^ 40 


( 23 ) 


j, .3.3 _ 2^1 + 6^2 + 12 (x 9 - 8)^ - 7 xio ^ Q 
^ 100 


( 24 ) 
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0.5(xi - 8)^ + 2(x; - Af + 3x1 - ^6 ^ ^ Q 

30 



-10 < X, < 10 for / = 1 ~ 10 



(25) 

(26) 



For all strategies, the precision of each design variable was set to 0.001, 
the population size was set to 100 and probability of crossover and mutation 
was set to 0.8 and 0.001, respectively. The convergence histories of averaged 
best feasible designs in 10 searches at the end of each generation by five 
search approaches are shown in Fig.2. 




Figure 2. Iteration histories of five algorithms on the numerical problem. 

Lin and Hajela’s strategy was conducted with three different initial 
penalty factors: ro = 0.5, 2.0, and 10.0. Among them, smaller penalty factors 
produced better results as shown in Fig.2. The SOAPS resulted in the 
apparent best convergence history due to the unique capability of striving to 
maintain 50% feasible designs. Joines and Flouck’s approach had the worst 
search output in this problem. 

The second test problem is defined as follows: 



Minimize: obj = xf*’ + x®*’ + x®'"' + 2x4 + 5xj - 4x3 - Xg + 25 (27) 

Subject to: 

K — ^2 “3xj -3x4 (28) 

hi =x^- 2x2 “ 2xj (29) 

/?3=4X4-Xg (30) 

= Xj +2x4 -4 (31) 

g2 = X2 + X5 - 4 (32) 
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g 3 =X 3 +Xg -6 (33) 

Xj < 3 ’ X 3 < 4 ’ X 5 < 2 ’ X[ , Xj , X 3 , X 4 , X 5 , Xg > 0 (34) 

The problem has three equality constraints and three inequality constraints. 
The reported global solution is x =[0.67, 2, 4, 0, 0, 0] with an objective 
function of 13.04 [10]. A better global solution x*=[0.167, 2, 4, 0, 0, 2] with 
F{x )=1 1.598 was found in the following genetic searches. 

The results of the SOAPS'^ algorithm in the second test problem are 
compared with Lin and Hajela’s strategy with three different initial penalty 
factors: ro = 0.5, 2.0, and 10.0. and SOAPS. For all strategies, the population 
size was set to 200 and the probability of crossover and mutation was set to 
0.6 and 0.001, respectively. Each genetic search with a specific penalty 
strategy and a unique set of parameters is executed 20 times by using 
different random seeds. The convergence histories of varied algorithms 
based on the average values are showed in Fig. 3. The number of global 
optimum reached, the number of feasible final designs, the best final 
function value, the average final function value and the worst final function 
value from twenty genetic searches by six different algorithms are reported 
in Table 1. 




Figure 3. Iteration histories of six algorithms in the second problem. 
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Table 1. The statistical results on the second problem 



METHOD 


GLOBAL 


FEA. 


BEST 


AVE 


WORST 


Lin and Hajela, 
r“=0.5 


7 


15 


11.598 


11.843 


12.218 


Lin and Hajela, 
r“=1.0 


12 


20 


11.600 


11.742 


12.215 


Lin and Hajela, 
r“=2.0 


9 


20 


11.606 


11.845 


12.484 


Lin and Hajela, 
r“=5.0 


2 


20 


11.645 


12.369 


13.376 


SOAPS 


1 


20 


11.686 


12.616 


13.741 


SOPAS® 


19 


20 


11.598 


11.664 


12.170 



It is noted that from Fig. 3, the SOFAS'^ has the slowest convergence 
history among all algorithms hut this late convergence situation prolongs the 
search power to late stages of the evolution so that it can find the best final 
solution. Other algorithms often quickly crowd to sub-optimum solutions 
that leading to a fast decreasing average fitness function history, but it also 
prevents the algorithm from converging to the global optimum. From Table 
1, it is noted that although SOAPS provides very effective capabilities in 
locating the global optimum on problems with only inequality constraints, it 
has a poor performance of finding the global optimum of the problem. Lin 
and Hajela’s algorithms with varied penalty parameters have a combined 
less than 50% chance of locating the global optimum. The newly developed 
SOAPS® produced an excellent record of locating the global optimum 19 
times out of 20 trials. Furthermore, SOAPS® also outperformed other 
algorithms in the best, the mean and the worst final designs from 20 
executions. 



5. CONCLUSION 

This paper proposed a self-organizing adaptive penalty strategy (SOAPS) 
for genetic algorithms to tackle constrained optimization problems. The 
parameter free characteristic of SOAPS further increase the performance 
efficiency since there is no need now to select any value for penalty 
parameters for a given problem in hand. SOAPS performed favorably in the 
illustrative problem with inequality constraints compared to other algorithms. 
Optimization problems with equality constraints are relatively difficult to 
solve, but they received insufficient consideration in the past. We also 
developed an effective adaptive penalty function strategy, SOAPS® for 
problems with equality constraints. The strength of the equality specialist. 
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SOAPS'^, is demonstrated in another illustrative problem with equality 
constraints. 
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Abstract: A numerical tool is presented to identify the linear elastic properties of 

orthotropic and homogeneous materials, coupled with the off-axis tensile test, 
as a part of a hybrid numerical-experimental model. The method combines 
whole-field displacement measurement techniques and an optimisation 
procedure based on the Finite Element Method and a developed Genetic 
Algorithm. A Finite Element analysis of the off-axis tensile test was performed 
using known in-plane linear elastic properties of wood pine lodgepole to 
generate a reference nodal displacement field to calibrate the numerical 
method. An objective function was chosen to minimise the mean quadratic 
difference between the reference displacement field and the displacement field 
that is calculated for each potential solution. A Sigma Truncation Scaling 
mechanism was chosen and a Genetic Algorithm with Varying Population Size 
(GAVaPS) was developed, based on an elitist strategy. Good approximation 
was acquired for the in-plane elastic properties. 

Keywords: genetic algorithm with varying population size; heterogeneous fields; inverse 

method 



1. INTRODUCTION 

The in-plane elastic mechanical behaviour of orthotropic and 
homogeneous materials is characterized through four independent 
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engineering properties [1,2]: E-^, E 2 , Vu G 12 , where the subscripts 

represent the material axes. Usually, two tensile tests, through directions 1 
and 2, are performed to identify the Young moduli (£’iand£’ 2 ) and the 

major Poisson's ratio (^ 12 )- Additionally, an in-plane shear test is carried 
out to obtain the shear modulus (Ui 2 ). Different shear test methods have 

been proposed to identify the shear moduli of an orthotropic material. 
Among them are the off-axis tensile test [3, 4], the Arcan test [5] and the 
losipescu test [6,7]. The use of whole-field displacement measurement 
techniques in combination with a suitable analytical or numerical tool, have 
been brought a new approach for the identification of the mechanical 
behaviour of orthotropic materials [8, 9, 10]. The aim of this approach is to 
reach a heterogeneous stress and strain fields through the specimen in a way 
that all elastic properties, that should play a balanced role in the response of 
the specimen, can be determined in a single test. In this work the off-axis 
tensile test was chosen to generate the heterogeneous stress and strain 
fields. A numerical identification procedure was developed to determine the 
in-plane elastic properties based on an Evolutionary Algorithm coupled with 
the Finite Element Method. 



2. INVERSE METHODS 

Figure 1 illustrates the general inverse approach of identification of the 
linear-elastic mechanical behaviour of an orthotropic and homogeneous 
material, based on Evolutionary Search techniques and on the Finite Element 
Method. This approach is based on the experimental measurement of the 
specimen response and the application of a hybrid numeric-experimental 
method. Conceptually, this hybrid method consists in: a numerical model of 
the mechanical test, constructed using the Finite Element Method, and an 
iterative procedure used to search the elastic properties compatible with the 
measured displacement field. 

Evolutionary Algorithms are nowadays an optimisation method widely 
used in inverse problems employing the above solution methodology [11,6]. 
The inverse problem resolution enables to find out the set of project 
variables {i.e., the material in-plane elastic properties) of the physical 
problem {i.e., the off-axis mechanical test), which corresponds to the set of 
state known variables {i.e., heterogeneous displacement field). 
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Figure 1. Identification of linear elastic behaviour of an orthotropic material using an inverse 

methodology 



3. FINITE ELEMENT METHOD ANALYSIS 

The off-axis tensile test simulation by Finite Element Method was carried 
out for the test specimen geometry shown in Fig. 2, with L=\20 mm , 

w=30 mm, t=10 mm and ^ = 20° , using the commercial codey4A5T5' 6.0®. A 
reference displacement field was firstly generated using the in-plane elastic 
properties of wood pine lodgepole [12]: =10,12 GEa, £'2 =1,032 GEa, 

Gi 2 =0,496GF’fl and Vj 2 =0,316. This displacement field was used to 

calibrate the numerical method, playing the role of the experimental data 
input, for the identification algorithm. 




Figure 2. Off-axis test specimen geometric parameters 
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The boundary conditions applied to the Finite Element Model (see Fig.3) 
are in agreement with the rigid and non-rotating testing machine grips. Left- 
end nodes were fixed and a nodal displacement prescription = 0,5 mm was 
applied to right-end nodes. 




Figure 3. Finite element model and boundary conditions of the off-axis tensile test specimen 

A typical '‘S” deformed shape was observed for the off-axis uniaxial 
tensile test specimen after FEM analysis (Fig. 4a). The obtained reference 
displacement field, and Uy (Fig. 4b), exhibits a clear heterogeneity. 




0 1I1E4I3 muii 3SE4J3 44«4}3 
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Figure 4. Reference displacement field (a) u,, and (b) Uy 



b) 



a) 




ON THE IDENTIFICATION OF LINEAR ELASTIC MECHANICAL... 255 



4. GENETIC ALGORITHM 



4.1 Introduction 

Among all evolution-based search algorithms, the Genetic Algorithms 
(GAs) are perhaps the most well known. GAs were developed by John 
Holland [13,14] in an attempt to explain the adaptive processes of natural 
systems and to design artificial systems based upon these natural systems. 
Although not being the first algorithms to use principles of natural selection 
and genetics within the search process, GAs are today the most widely used 
[15]. More experimental and theoretical studies have been made on the field 
of GAs than on any other Evolutionary Algorithms (EAs). 

During the last thirty years there has been a growing interest in problem 
resolution strategies of different kinds of problems based upon the principles 
of natural evolution and hereditary laws. These problem solving strategies 
favour a population of potential solutions, 

The aim of Genetic Algorithms is to identify the individual (the set of 
elastic properties) best adapted to the environment (according to a fitness 
function), among the populations (set of potential solutions) found in 
successive generations (iterations). 

One variety of these systems is a class of Evolution Strategies - 
algorithms that mimic the main principles of natural evolution for parameter 
optimisation problems [16]. FogeTs Evolutionary Programming [17] is a 
technique for searching through a space of small finite-state machines. 
Glover's scatter search techniques [18] hold a population of reference points 
and breed offspring based on weighted linear combinations. Holland's GAs 
set up another type of evolution-based systems. 

An EA is a probabilistic algorithm that sustains a population of solutions 

P(t)=\x\,...,x*„"\, in each generation t (see Fig. 5). Each individual 

X \ represents a potential solution to the problem and is encoded according to 
a predefined data structure S. A fitness value is determined according to how 
well each solution x ■ fulfils objective function, y, of the problem. Then, a 

new generation is formed {t = t + \) selecting the set of more fit solutions 
{selection operator). Members of this emerging generation experienced 
transformations produced by genetic operators. These transformations may 
be arranged into two types: unary transformations {mutation type) and 

higher order transformations cj {crossover type) [19], The former is 

characterized by a small change in single individual, introducing some extra 
variability into the population, and the later by new individuals generated 
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combining parts from several (two or more) individuals 
[cj : Sx xS^S ) . Population size may remain constant throughout the 

algorithm or vary according to any birth-rate control strategy. After some 
number of generations the program converges. The best solution found till 
then is hoped to represent a near-optimum (reasonable) solution. 



Generation 

t 



Generation 
t = t + l 




Figure 5. Illustration of a Genetic Algorithm scheme 



4.2 Developed Genetic Algorithm 

As mentioned in section 3 a reference displacement field of off-axis 
tensile specimen (Reference solution in Fig. 6), u„ was firstly generated, 
using the in-plane elastic properties of wood pine lodgepole. Compliance 
matrix [ S ] was previously determined, using the set of mentioned reference 
in-plane elastic properties, with 0 = 20°. Solutions of the GA were 
represented by four-dimensional binary design variables (E^ ,£ 2 , 0 ^ 2 , Vn)- 

Each variable x, (t=l,...,4) could take values from a predefined domain 
D i=[ai,bi]^ R . The length ascribed to each variable based upon the 

precision p required to determine the objective function, y, was calculated 
(Bits number evaluation in Fig. 6) considering the smallest integer such that 
[19]: 



(Z7;-a;)-10^<2“'-l 



( 1 ) 
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An initial population with a number PopSize(t), (t=l), of potential 
solutions P(\)=\x\,...,x\ }, was randomly generated. 

Each variable value (Deeoding in Fig. 6) is given by the equation 



Xi = Qj + decimal [string 2 ) x 



bj — Gj 
2 "‘‘ -1 



( 2 ) 



where decimal [string 2 ) represents the hexa-decimal value of [string 2 ) . The 

objeetive funetion evaluation y\i^ = eval\y^), of each chromosome 
V; ( i = 1, . . . , PopSize( t)), was carried out using 







N 

2- / = i 



( 3 ) 



where N represents the total number of nodes in the front plane of the off- 
axis test model (Fig. 3), U; the reference displacement field and w\ the 
displacement field obtained by ANSYS for solution v,- , in generation t. 
Compliance matrix was up-dated for each PopSize( t ) solution. 



4.2.1 Selection operator 

Population ranking was then performed aecording to the values of the 
objeetive function, y, calculated using Eq. (3), and the PopSize[t) solutions 
were structured in two subsets: Sj and 5”^ (Fig. 6). The quantities nj’[t) 
and ( t ) represent the cardinal of subsets Sj and S ^ , respeetively, for 
generation t. 
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VI — ti’j'yt j — ^ 



/ t ,n 

(x^ . . . . 


t ,n\ 

. . x^ ) 


J 


/ t , n+1 

(x^ 


t, 72 + 7 \ 

• ) 


A 



1 



/ t,PopSize( t ) t,PopSize( t) \ 

{Xj ■ ■ \ ) J 



Figure 6. Population after Ranking 



4.2.2 Scaling operator 

A scaling mechanism (Scaling in Fig. 7) was used to improve the 
sensitivity of the algorithm to find solutions which exhibit objective function 
values very close to each other. Thus, a previous evaluation of the maturity 
state of convergence process was performed, and a Sigma Truncation scaling 
mechanism was chosen [19], according to 

>' ['] = >’[']+( ^vgObj - c X cr ) (4) 

where c is chosen as a small integer, a is the population’s standard deviation 
and AvgObj represent average objective function values, in the current 

population. Possible negative evaluations r [ / ] are set to zero. 

4.2.3 Crossover operator 

A probability of crossover pc was previously assumed and an expected 
number /?^xPop5ize(i) of chromosomes to undergo the crossover operation 
was then determined. An even number of chromosomes was assured by 
adding or subtracting one solution from this mapping pool - subset of 
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xPopSize{t) solutions from the current population. The decision to add or 
subtract a solution from this mapping pool was done randomly. Thus, once 
taken the decision to add a previously rejected solution from the population, 
the chromosome selected to figure in the mapping pool was also done 
randomly. 

Pairs of solutions were randomly settled from this group of chromosomes 
and crossing points were randomly assorted for each pair, from the range 

with w=Xf=i • 



Features’ combination of different chromosomes to form two similar 
offspring solutions, each other, was performed swamping corresponding 
segments of the parents, i.e. , for a pair of m-dimensional vectors 



Ur 



t,b t.b 
■ ^2 • 



X. 



), crossing the chromosomes 



x~ 



, t ,b 






) 



and 



) and (xj 

after the first gene produce the offspring (x(’“ 

( t.b t.a t.a \ 

Ui X 2 ’ . . . x„ j. 

A lifetime parameter for an /-th offspring solution, (h/en>we[i]) , was then 
determined by proportional allocation [19]: 



f 



minimum 



MinLT + Jj 



AvgObj 






4^] 



MaxLT 



(5) 



V ycl j 

MinLT and MaxLT stand for maximal and minimal allowable lifetime 
values, respectively. AvgObj represent average objective function values, in 
the current population (Statistical parameters in Fig. 7), and 




i^MaxLT - MinLT ) 



( 6 ) 



4.2.4 Mutation operator 

Mutation operator was performed on a bit-by-bit basis and a probability 
of mutation pm was assumed. There were a total number of PopSize{t)xm 
bits in the whole population and an expected (on average) number 
PopSize{t)xmxpj^ of mutations per generation. Every bit had an equal 
chance to be mutated. Thus, for every bit in the population P(t) , a random 

(float) number r was generated from the range [o,...,l] . Then, a bit 
mutation took place if r < 

Objective function y\i\ and lifetime parameter {lifetime\i\} values were 
also recalculated (Eqs. 4 and 5) for recently bom (mutated) solutions. A 
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similar criterion was used to up-date the objective function values y\i \ of 
the current population as in 4.2.2, according to the algorithm maturity 

(Fig.7). 



4.2.5 Aging and elimination operator 

Lifetime parameter {lifetime\i\} was up-dated according to 



lifetime [ ^ ] . = lifetime [/] t-\ -1 



(7) 



Solutions belonging to subset Sr (Fig. 6) are not up-dated, in terms of the 
lifetime parameter - elitist strategy. 

Population size in generation (?+l), is also up-dated, eliminating 
solutions £ ( ^ ) which reached null lifetime parameter values, and adding the 
offspring solutions generated in Crossover (4.2.3), Offspringif) , according to 



PopSize(t + \) =PopSize{i) — E{t^ + Offspringif) (^) 

A full search is done, eliminating clone solutions among the current 
population. 

Figure 7 resumes all the steps of the developed Evolutionary Algorithm, 
described above. 
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Figure 7. Developed Genetic Algorithm 



5. RESULTS AND DISCUSSION 

In the present work an initial population of 10 individuals was used. The 
domain considered for each project variable was; 

£ [9020,15070]xl0^ (Pfl), £' 2 £ [867,1537]xl0^ (Pa), ^2 ^ ^ 

Vj 2 e [280,392]xl0“^, Vj 2 e ^ G 12 e [400,135l]x 10^ (Pa), G^2 ^ ^ • 

which corresponds to the characteristic range of elastic properties of wood 
pine lodgepole [12]. 

The scaling operator was activated after 20 generations, for c=3 in Eq. 4, 
and a total of 40 generations was achieved. 
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Lifetime parameter, lifetim^i\ , (Eq. 5) was determined eonsidering 
MinLT = 1 and MaxLT = 7 . 

A probability of crossover, = 0.25 , and a probability of mutation 

=0.001 , were chosen. 

Table 1 shows the set of values of the in-plane elastic property found for 
the best solution after 40 generations. The relative errors were determined 
with respect to the reference values presented in section 3. Three of them are 
inferior to the coefficient of variation associated to each of them, which is 
less than 22% [12]. 



Table 1. Elastic properties obtained according to the numerical method 



Design 

variables 


Elastic 

properties: 

(pine 

lodgepole) 


Elastic 

properties 

(numerical 

method) 


Relative 
error [%] 


£i [GPa] 


10.120 


10.335 


2.13 


E 2 [GPa] 


1.032 


1.171 


13.50 


Vn 


0.316 


0.320 


1.36 


<7,2 [GPa] 


0.496 


0.299 


39.72 



Fitness function,/ was defined as [20]: 
f = k-y (9) 

k being an arbitrarily large positive value that ensures that fitness,/, never 
becomes negative. 

The value of the relative error found for the shear modulus, Gj 2 » is 

greater than the typical scatter of experimental values of the elastic 
properties of wood. This large error can be attributed to the fact that the 
number of generations was not enough to ensure the stabilisation of the 
fitness value of the best solution (Fig. 8). 
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Figure 8. Fitness evolution of the best solution 

Thus, the design variables shown in table 1 are not a suitable solution of 
the optimisation problem, from the point of view of the experimental scatter 
of mechanical properties of wood. 



6. CONCLUSIONS 

The numerical method developed to identify the elastic properties of 
orthotropic materials led to good approximation for the Young moduli: 

and E 2 , and the Poisson’s ratio, V 12 , determination. A great relative error 
was found for the shear modulus, . 
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Abstract: The article shows a new method of ranking Pareto optimal solutions, which form 

a numerous set of nondominated solutions, by using the notion of optimality in 
the sense of an undifferentiation interval. The ranking algorithm presented is 
based on the filtration of a set of Pareto optimal solutions by using the 
undifferentiation interval method. The example presented shows that the 
generated subsets of nondominated solutions are given different ranks, which 
should contribute to an adequate crossover operation. 

Keywords: genetic algorithm, multicriterial optimization, undifferentiation interval method, 

ranking method 



1. INTRODUCTION 

Genetic algorithms combine the evolutionary principle of the survival of 
the best-adapted artificial organisms with the principle of a systematic 
exchange of information. In every basic iteration of genetic algorithms there 
occurs a selection, crossover and mutation of solutions, which results in 
generating a new set of solutions composed of the combined fragments of the 
best-adapted representatives of the previous generation. Reference [5, 6] 
shows an application of the undifferentiation interval method in the selection 
of Pareto optimal solutions. The present article uses the method in ranking 
Pareto optimal solutions for the purpose of their adequate crossover. The basis 
of many methods of multicriterial optimization is the definition of an optimum 
in Pareto sense. 
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1.1 Pareto optimality 

A solution is Pareto optimal if none of the criteria Fi(x), F 2 (x), Fj[x) can 
be improved on without a simultaneous deterioration of at least one of them. 

An element x gX is called Pareto optimal if and only if there exists no x"gX 
such that for every mG N, F„{x~)<FJjl ), and there exists a jg N, such that: 
F/x-)<FXx*). 

1.2 Goldberg's ranking method 

The method consists in an interactive selection of Pareto optimal solutions 
from the population subset Q and ascribing to them the same rank [1], 

In step 1 the whole population Q is considered — Pareto optimum 
solutions (population receive rank 1. 

In step 2 the rest of population Qpj^Q'Qpi is considered, out of which 
Pareto optimum solutions are selected which are given rank 2. 

In subsequent steps (3, 4,...,j) the remaining part of the population is 
always considered: 

2 p 3 ~ Q~'TjQpi ’ Qp 4 — Q~ HQpi > ( •■•)> Qpj —Q~ ^Qpi ■ 

i=l 1=1 i=l 

The Pareto optimal solutions determined are given the respective ranks of 
3, 4, j. The process is continued until all the solutions in a given population 
Q are exhausted. The value of the fitness function fo is calculated by means of 
the formula: 

/G(x) = -r(x)+y+l (1) 

where: r(x) — rank given to solution x, 

j — number of generated subset of different ranks. 

Fitness function /g(x), expressed by relation (1) always assumes positive 
values. Maximization of the value of the function prefers individuals of 
minimal rank value r(x) (the lower the rank value, the higher the value of the 
/g(x) function). According to its rank, it is possible to assign to each solution a 
probability of reproduction or a number of descendant copies. 



2. NEW RANKING METHOD 

The proposed ranking method consists in selecting Pareto optimal 
solutions. The selection process always requires particular attention since it is 
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a basic operation in genetic algorithms and it determines the proper 
functioning of the algorithm. 

A properly performed selection will ensure that the crossover operation will 
bring the desired results. The literature [1, 2, 3, 4, 7, 8, 9, 10, 11] describes 
many selection methods and their application in various optimization tasks. It 
should be remembered that the selection process in genetic algorithms is 
connected with two correlated questions: selection pressure and population 
diversity. Strong selection pressure, or intensive promotion of the best 
generations, reduces population diversity, which contributes to the loss of 
precious information about the remaining potential solutions and leads to 
premature convergence. Weak selection pressure, or great population diversity, 
results in an ineffective search. 

The method proposed is addressed to situations where the set of Pareto 
optimal solutions is very large and has many solutions, e.g. several tens. With 
a larger number of solutions we should strive to reduce the set’s size by 
applying appropriate filters, e.g. [5, 6]. 

The method consists in interactive determination of subsets of 
nondominated solutions in the undifferentiation interval sense out of a 
population subset P and giving them the same rank. 



2.1 Optimality in undifferentiation interval sense 



The notion of optimality applied here is that of an undifferentiation interval 
(Ul), expressed as a percentage of the value of the criterion analyzed [5, 6]. 
The multicriterial analysis is carried out in criterial space and aims at 
determining whether a Pareto optimal solution 'deteriorated' by the accepted 
undifferentiation interval remains a nondominated solution and is added to the 
currently created subset of nondominated solutions. An element x^g £2 will be 
a nondominated solution in the undifferentiation interval sense if and only if Q 
does not contain an element such that there exists an /g N for which: 



when: 



when: 



Fi(x^) > 0: 

Fi(x^)<0: 



Fi(x^) < Fi(x'^) and 
FiCx^") < Fi(x^) and 



(i-]^]f,(x»)>F.(C) 



( 2 ) 



where: O — a non-empty set of Pareto optimum solutions. 

Figure 1 presents a graphic illustration of how the undifferentiation interval 
works. In Figure la condition (2) is fulfilled and solution x'’' is rejected; in 
Figure lb condition (2) is not fulfilled and solution x'’' remains as a nondomi- 
nated solution in the undifferentiation interval sense (NSUIS). 
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P2(X)‘ 



a) 




p2(xy 



b) 



ur\ 
















4 - 




Xi 





0 



F,(x) 



0 



F,(x) 



Figure 1. Graphical illustration ‘deteriorating’ the compared solution 




Figure 2. Determining nondominated solutions in UI sense with bicriterial minimization 



Figure 2 presents the idea of determining the solutions nondominated in 
the undifferentiation interval sense described by condition (2) from an 8- 
element Pareto optimal solution set, with both criteria minimized. Figure 2a 
presents the function of the UI\ for criterion Fi(x), in relation to solutions 4 
and 6, as well as Uh for criterion F 2 (x), in relation to solution 2. Let us 
consider in detail solutions 3 and 4. Solution 4 had a greater value of criterion 
F 2 (x) and a smaller value of criterion Fi(x) than solution 3, and that was why it 
is nondominated in Pareto sense. Applying the undifferentiation interval 
method we temporarily ‘deteriorate’ the value of the Fi(x) component of 
solution 4 by the UI\, moving solution 4 along the Fi direction to position 4'. 
In this situation, solution 3 dominates over the resulting solution 4'. The 
conclusion is that solution 4 is not nondominated in the undifferentiation 
interval sense and is therefore eliminated. The result of comparing solution 2 
with solution 3 is the elimination of solution 2. In this case Uh, referring to 
criterion F 2 (x), was decisive. Solution 2 moved along direction F 2 to position 
2' which was dominated by solution 3. According to the same procedure, 
solution 5 eliminated solution 6. Figure 2b presents the subset of nondomi- 
nated solutions in the undifferentiation interval sense. It is to be stressed that 
solutions 2 and 4 (for the accepted values of UIi and UI 2 ) cannot in any way 
eliminate solution 3. 
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2,1.1 Mutual exclusion phenomenon (MEP) 



The mutual exclusion phenomenon occurs when both the solutions 
compared eliminate each other in the analysis of particular criteria. Solution A 
excludes solution B (Figure 3a) through the UI\ related to criterion Fi(x), 
while solution B excludes solution A (Figure 3h) through the Up related to 
criterion ExiN). This means that they belong respectively to positive cones with 
the vertex in A (Figure 3a) and B (Figure 3h). In that case both the solutions 
compared are added to the created subset of solutions nondominated in the 
undifferentiation interval sense. The mutual exclusion phenomenon occurs 
first of all with relatively large values of the undifferentiation interval. 



TS)' 



a) 




'mmA 

Uh □! 




0 



^I(x) 



0 



^i(x) 



Figure 3. Mutual exclusion phenomenon 



2.1.2 Undifferentiation interval correction (UIC) 

The occurrence of the mutual exclusion phenomenon was eliminated by 
the application of a correction of the undifferentiation interval, consisting in an 
additional analysis of the same solutions - verification of condition (2) with 
the reduced value of the undifferentiation interval. The reason was the 
assumption that if lower values of the undifferentiation interval contribute to 
eliminating the compared solutions, it is an important property of those 
solutions and cannot be lost in the filtering process. Therefore we examine 
whether with lower values of the undifferentiation interval any of those 
solutions might be nondominated in the undifferentiation interval sense. If so it 
is added to the subset of solutions nondominated in the undifferentiation 
interval sense, and the other solution is rejected. 

2.2 The method's algorithm 

With a small differentiation of solutions in a population (Figure 4a) or their 
regular distribution (Figure 4b) it may happen that the crossover operation will 
not cause the displacement of new populations towards the ideal point of the 
set of evaluations of the multicriterial optimization task. 
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Figure 4. Graphical illustration of the Pareto optimal solution set: a) of a small differentiation 
of solutions with an irregular distribution; b) regular distribution 



The research carried out indicates that too often during the multicriterial 
optimization of the crossover solutions occur close to one another, which leads 
to a weak differentiation of the genetic material. The algorithm presented 
below is aimed at different ranking of consecutive solutions. Since the most 
frequent participants will be solutions with the highest value of the fitness 
function /g(x) (with the lower rank value of r(x)), they will not be consecutive 
solutions. 

The ranking method presented is based on the notion of optimality in the 
sense of an undifferentiation interval and Goldberg’s method. Shown below is 
the method’s algorithm: 

Step 1 Calculate the original undifferentiation interval, y=l, f// = , 

j p 

expressed in %, P — numerical force of the Pareto optimum set; 

Step 2 Determine a subset of nondominated solutions in the undifferentiation 
interval sense with a given UP and give its elements a rank r(x)=/, 

P, — the numerical force of the y-th subset of nondominated solutions 
in the undifferentiation interval sense; 

Step 3 Check the STOP criteria: 

a) if 7 = 1, then go to step 4; 

f j \ 

b) ify > 1 and > T* — ^ , then the remaining solutions of the 

U=i J 

Pareto optimal subset get the rank y+7, go to step 7; 



c) if Pj+i = P- J , go to step 7; 

Step 4 Calculate the new value of the undifferentiation interval, j =j + 1, 

TIT — • 
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Step 5 Eliminate from the actual subset of Pareto optimal solutions those 
solutions ranked j-I ; 

Step 6 Go to step 2; 

Step? STOP. 

Attention should be drawn to the fact that the proposed selection of the 
existing Pareto nondominated solutions (according to the ranking method) is 
triggered at the moment when their number is sufficiently high (several tens of 
solutions). Ranking the existing Pareto nondominated solutions (i.e. their 
selection) concerns solutions only from the same population. Every inclusion 
of the ranking algorithm of particular Pareto nondominated solutions requires 
the calculation of the initial value of the undifferentiation interval UI\ on the 
basis of the current size of the Pareto set. 



3. CALCULATION EXAMPLE 

The calculation example has been taken from Osyczka [8] and concerns the 
multicriterial optimization of a multi-part beam (Figure 5). 




Figure 5. Scheme of the beam 



The multicriterial problem was formulated as follows; 

The vector of decision variables is: x = [xi, X 2 , ... , Xg]^ 
where: x„ is the thickness of n-th part of the beam. 

The objective functions are: 

Fi(x) - the volume of the beam [cm^]; 

F 2 (x) - displacement under force F [mm]. 

The constraints concerned permissible bending stresses in particular beam 
segments (six inequality constrains) as well as the thickness of particular 
segments (also six inequality constrains). 

The problem was run for the following data: 

1 = 50 [mm], b = 50 [mm], F= 10000 [N], E = 2.06x10^ [N/mm^], 

Sg= 360 [N/mm^], d = 32 [mm]. 
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The problem was considered as a discrete programming problem with the 
following set of values of decision variables: 

x, = {12,14,16,18,20,22,24,26,28,30,32} [mm] for /=1,2,...,6 

The process of the multicriterial optimization of the above example was 
carried out by Osyczka by means of a genetic algorithm employing tournament 
selection. 

3,1 Example 1 

Indirect results of the calculation process served to test the proposed 
algorithm of ranking Pareto nondominated solutions. The method of ranking 
by using optimality in the undifferentiation interval sense was applied at a 
selected stage of the optimization process when the number of Pareto 
nondominated solutions was 66. In order to test the correctness of the 
presented algorithm of ranking Pareto optimal solutions and compare the 
obtained results, the calculations were repeated several times. The elements 
altered in the calculations were the initial value of the accepted 
undifferentiation interval and the algorithm determined the solutions optimal 
in the undifferentiation interval sense (algorithm testing condition (2)). 

At the beginning the calculations were made for two values of the original 
undifferentiation interval: 

• Ul\=l,5% (in accordance with step 1 - after rounding it off); 

• {7/i=3,0% (twice as large as the result of the calculations specified in 
step 1) and for a value twice as large. 

Table 1 shows the results obtained by using the algorithm which 
considered the mutual exclusion phenomenon, but had no built-in procedure 
for eliminating the consequences of the phenomenon. Thus the determined 
subset of solutions optimal in the undifferentiation interval sense was entered 
by mutually exclusive solutions, which resulted in the faet that contiguous 
solutions were ranked in the same way. 



Table 1. Numerical force of subsets and their rank with MEP considered 





Original {7/,=l,5% 


Original {7/,=3,0% 


UI [%] 


Number of elements 


UI [%] 


Number of elements 


Rank 1 


1,5 


6 


3 


6 


Rank 2 


0,75 


4 


1,5 


3 


Rank 3 


0,375 


8 


0,75 


4 


Rank 4 


0,1875 


13 


0,375 


6 


Rank 5 


0,09375 


20 


0,1875 


12 


Rank 6 


0,046875 


15 


0,09375 


20 


Rank 7 


STOP- Step 3 c) 


0,046875 


6 


Rank 8 






STOP- Step 3 b) 


9 



This fact is only visible in the figure showing the distribution of the ana- 
lyzed solutions in criterial space. Such a situation is particularly unacceptable 
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for solutions receiving small ranking values (cf. Figure 6, detail A), in other 
words, large values of the fitness function /g(x)), since these solutions will take 
part in the crossover proeess more often. The co-occurrence of highly-ranked 
solutions (cf Figure 6, detail B), in other words, a small value of the fitness 
funetion /g(x), is not so important since those solutions will seldom take part in 
the crossover operation. 





Figure 6. Graphical presentation of ranking results for C//i=3,0% and t//i=l,5% with MEP 

considered 

Table 2 and Figure 7 show the results obtained by using the algorithm 
which took into account the mutual exelusion phenomenon and had the built-in 
proeedure for eliminating the results of the phenomenon, i.e. the undifferen- 
tiation interval correction. When using this algorithm there is no situation of 
solutions with low ranking values occurring next to one another. Therefore the 
crossover operation should concern solutions lying far apart. 



Table 2. Numerical force of subsets and their rank with MEP considered and UI correction 





Original t//,=l,5% 


Original [//i=3,0% 


UI [%] 


Number of elements 


UI [%] 


Number of elements 


Rank 1 


1,5 


5 


3 


3 


Rank 2 


0,75 


3 


1,5 


3 


Rank 3 


0,375 


9 


0,75 


3 


Rank 4 


0,1875 


21 


0,375 


9 


Rank 5 


0,09375 


21 


0,1875 


20 


Rank 6 


STOP- Step 3 b) 


7 


0,09375 


21 


Rank 7 






STOP- Step 3 b) 


7 



Figure 8 shows the distribution of solutions which received the rank value 
of 1 and 2. It can be seen that those solutions eover the whole set of Pareto 
nondominated solutions and faithfully represent the shape of the set. Therefore 
the solution erossover operation should not lead to a loss of information about 
the whole set of Pareto optimal solutions. 







274 



J. MONTUSIEWICZ 




Figure 7. Graphical presentation of ranking results for UI\=2>fi% and L7i=l,5% with MEP 

considered and UI correction 




^2(X) 
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Figure 8. Graphical presentation of solutions ranking 1 and 2 with L7i=3,0% and t//i=l,5%, 
with MEP considered and UI correction 



3,2 Example 2 

The other case of calculation concerned a situation where the set of Pareto 
optimal solutions of the designed object had 40 elements. According to step 1 
the initial value of the undifferentiation interval was 2,5% ({7/i=100/40=2,5). 



Table 3. Numerical force of subsets and their rank with MEP considered and UI correction 





Original UIi=2,5% 






MEP 




MEP with correction UI 


UI [%] 


Number of elements 


UI [%] 


Number of elements 


Rank 1 


2,5 


6 


2,5 


3 


Rank 2 


1,25 


4 


1,25 


4 


Rank 3 


0,625 


3 


0,625 


6 


Rank 4 


0,3125 


8 


0,3125 


11 


Rank 5 


0,15625 


14 


0,15625 


13 


Rank 6 


STOP- Step 3 b) 


5 


STOP- Step 3 b) 


3 
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The ranking procedure was repeated twice, using the algorithm considering 
mutually exclusive solutions and the algorithm with a built-in correction of the 
value of the undifferentiation interval. The results are contained in Table 3 and 
in Figure 9. 



a) 





Figure 9. Graphical presentation of ranking results for the initial value of UL=2,5%: 
a) with MEP considered; b) with MEP considered and UI correction 



4. CONCLUSIONS 

1. The method of ranking solutions from the Pareto optimal solution set, 
using the notion of optimality in the sense of an undifferentiation interval, 
allows a suitable selection of a large set of nondominated solutions. 

2. Testing the correctness of the ranking algorithm presented was carried out 
by performing calculations for different initial values of the 
undifferentiation interval UI\ and for two different sizes of the analyzed set 
of Pareto nondominated solutions: 66 elements and 40 elements (Tables 1, 
2 and 3). Each time the algorithm carried out an effective selection of the 
set analyzed, assigning to every element an appropriate rank value. 

3. The results presented in Table 1 and 2 show that introducing the initial 
value of the undifferentiation interval UI\ in accordance with step 1 of 
algorithm leads to a quicker conclusion of the calculations than in the case 
of introducing a UI whose value is twice as large. In the former case the 
selection of the set analyzed leads to giving its elements a lower number of 
ranks. 

4. A detailed analysis of Figures 6, 7 and 9, illustrating the distribution of 
elements with rank values assigned to them, leads to the conclusion that 
the selection operation should employ an algorithm with a built-in 
mechanism for correcting the value of the undifferentiation interval in 
order to eliminate solutions of the mutual exclusion phenomenon type. 
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5. From an analysis of Figure 8 it can be seen that solutions receiving the 
same rank value cover the whole set of Pareto nondominated solutions. 
Hence the crossover operation of those solutions will not lead to a loss of 
information about the whole Pareto set possessed. 
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THE EFFECTIVENESS OF PROBABILISTIC 
ALGORITHMS IN SHAPE AND TOPOLOGY 
DISCRETE OPTIMISATION OF 2-D 
COMPOSITE STRUCTURES 



A. Muc 

Institute of Mechanics & Machine Design, Cracow University of Technology, Krakow, 
Poland 



Abstract: The aim of the paper is to discuss the formulation and solution of optimisation 

problems for composite structures. A special attention is focused on the coding 
problems of design variables. The appropriate discrete coding allows us to use 
the same optimisation algorithms for different class of problems, i.e. shape and 
topology optimisation using both deterministic and fuzzy approaches. 



Keywords: probabilistic algorithms, plates, shells, composites, fuzzy optimisation. 



1. INTRODUCTION 

Recently, an increasing trend to the application of different variants of 
evolutionary algorithms in searching for the optimal solutions in various 
classes of optimisation problems is observed. It is mainly caused by the 
simplicity of the proposed algorithm and on the other hand by the certainty 
that the found solution is better than the initial one. 

In order to use anisotropic properties of composite materials in an 
appropriate manner a lot of efforts have been put into introduction and 
application of effective optimisation algorithms in the design of 2-D 
laminated plated and shell structures, particularly in the sense of searching 
for a global optimum. The latter problem is also associated with the 
imprecise definition of geometrical and material properties of composite 
materials what is taken into account via membership functions and so-called 
optimisation in a fuzzy enviroment. The second still open problem in this 
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area is associated with the effective definition of discrete design variables 
describing real continuous ones. The above-mentioned problems are 
discussed herein and various numerical examples are demonstrated. They 
are connected with the topology and shape optimisation. 

The effectiveness of probabilistic algorithms is evaluated and determined 
in the sense of following factors; 

- the accuracy of computed global optimum, 

- the computational time required in the evaluation of the global optimum, 

- the similarity (identity) of optimal design for various probabilistic 
algorithms. 

Since for composite structures, especially in the discrete optimisation 
problems, a lot of local extrema exists, it is necessary to compare results 
with the use of various algorithms and in addition using different selection 
procedures. Both for shape and topology optimisation problems the 
optimisation procedures (probabilistic algorithms) are conjugated with the 
finite element analysis that is used for the numerical derivation of a required 
objective function - see Refs [1], [2]. However, they are completely 
separated from the FE analysis. In order to verify the effectiveness of the 
proposed algorithms three different approaches have been applied herein, 
i.e.: different variants of genetic algorithms (GA), simulated annealing 
(S.A.) algorithm and the variant of GA proposed in the EVOLVER package. 



2. OBJECTIVES OE OPTIMISATION 

If any of design variables, constraints or even objective functions are not 
known precisely (uniquely - a crisp form) the formulation of the 
optimisation problem should be changed. It may be conducted using 
statistical analysis (not discussed herein) or the fuzzy formulation. In Table 
1 there are compared two optimisation problems deterministic and fuzzy. Of 
course, the minimum design problem may be simply reformulated to the 
maximum problem. As it may be noticed the definition of the constraints is 
the fundamental difference in both formulations. However, as it will be 
demonstrated below the significant difference lies also in the optimisation 
algorithms and the reformulation of the fuzzy optimum design problems, 
since in a fuzzy environment searching for the optimal solutions is carried 
out not for the values of design variables s (a crisp problem) but for the 
membership functions fi. 
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Table 1. Comparison of the deterministic and fuzzy formulation of optimization problems 





Deterministic formulation 


Fuzzy formulation 


Objective 


Find: Min f(s) 


Find: Min f(s) 


Constraints 


gi(s)<bi ,J = l,2,...,m 


gj(s) e Gj (fuzzy sets), j=l, 2,.. .m 



Thus, using the fuzzy formulation the initial minimum problem is formu- 
lated as a MinMax problem. The latter problem is reformulated to the fol- 
lowing maximum problem introducing an additional objective H. 

FindMax^i (1) 

subject to the constraints 

A.<p,(s), A,< pg|(s),j=l,2,...,m. (2) 



3. CODING OF THE DESIGN VARIABLES 

Dependly on the analysed optimisation problem (Table 3) the binary 
coding of design variables is used with the aid of the incidence matrix 
introduced in the form given in Table 2. The total number of colu mn s 
represents the length of the chromosome. Each gen in the chromosome 
describes the coded information in rows, i.e. if a(l,I)=^ then the ply 
orientation is equal to 0°, and if a(2,l)=a(3,I)=0 then the ply orientation is 
not equal to 45° (or 90°, rsp.) etc. Shape optimisation is connected with 
searching for optimal structural boundaries, whereas topology optimisation 
is mainly associated with the minimum mass (volume) problems taking into 
account the area occupied by a structure, its thickness and/or density of 
fibres in the construction. 



Table 2. The form of the incidence matrix a(i,j) 



1 


0 


0 


0 


0 


0 


0 


1 


1 


0 


0 


1 


0 


0 


0 



Table 3. The physical sense of the terms in the incidence matrix 



Optimisation Problem 


Row 


Column 


Stacking sequence 


Orientation 


Ply Number 


Shape 


Position 


Number of Key Point 


Topology 


Existence of FE 


Number of FE 
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3.1 Shape optimisation 

In the shape optimisation problem the required boundary curve is 
evaluated with the use of the Bezier splines - see Fig.l. Each keypoint (six 
in Fig.l) is represented by the radius (denoted by the position in Table 3). 
The radii are defined on a discrete set. Dependly on the Bezier splines 
construction the convexity of the curves may be prescribed in advance 
together with the required values of derivatives at the curve ends and other 
constraints (e.g. the total area under the curve). 




Figure!. Construction of a curve describing the required shape 

3.2 Topology optimisation 

Topology optimisation problems are based on the elimination of sets of 
FE from the initial mesh. The total length of the chromosome is composed 
of a finite number of parts, and each of them corresponds to a curve joining 
the base points. Two independent methods have been introduced: (1) the 
variation of the base points - Fig. 2 and (2) the elimination of domains 
enclosing the given set of curves - Fig.3. In the first case (1) the base points 
are eonnected with the use of straight lines and the lines constitute the row 
of FE having the prescribed properties. In the second case (2) the area 
between the curved lines is filled by generated FE. 
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Figure 3. Elimination of domains 

The curves enclosing the selected domains vary in the optimisation 
problems. They are described in the similar manner as for the shape 
optimisation problems via a finite number of the key points. 



4. EFFECTIVENESS OF OPTIMISATION 



4.1 Benchmarks 

For shape and topology optimisation problems the effectiveness of the 
optimisation procedures and methods of coding have been determined using 
the known theoretical solutions given in a theoretical form. 

4.1.1 Shape Optimisation 

For shape optimisation problems the accuracy in the boundary curve 
evaluation is the most important problem. To verify it the following well- 
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known problem have been solved: to find the maximal area A surrounded by 
the curve with the fixed length Z . The problem has been formulated in the 
following way: 

Mco\^Area — pen *{Z-L)] (3) 

The results of the numerical solution are shown in Fig. 4. They demonstrate 
an excellent accuracy. The error between theory and numerical analysis is 
equal to 0.66% in the evaluation of the area A, and 0.1 1% - the length L. 




Figure 4. Comparison of numerical and theoretical results (red curve - anal)dical results) 

4.1.2 Topology Optimisation 

Let us consider a composite beam reinforced by short fibres, loaded at 
the center (Fig. 5 - three point bending test) and having a variable density of 
fibres pfx) along the length. 
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Figure 5. Bending of a simply supported beam having a variable fibre volume fraction 

distribution 

The objective of the optimisation is following: to find the minimal mass 
ofi the beam satisfying the equality constraint imposed on the displacement 
parameter and inequality (upper and lower bounds) constraint - on the fiibre 
volume density firaction Vf. - the strict formulation is given by Banichuk et 
al. [3]. The optimisation problem deals with the topology optimisation since 
we are looking for the optimal material distribution. The results are 
presented in Fig. 6 and show a very good correlation between numerical and 
analytical studies. 




Figure 6. Comparison of anal5hical and numerical (a continuous line) results 

4.2 Convergence of probabilistic algorithms 

The similarity (identity) of optimal design for various probabilistic algo- 
rithms is understood in the sense of the convergence of the numerical results 
to the global optimum. The detailed analysis deals with the topology optimi- 
sation problem of a composite rectangular plate subjected to the action of a 
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shearing point load at the plate center. We are looking for the minimal mass 
of the plate satifying the additional constraint conditions determined for the 
values of allowable displacements and the effective stresses - see Ref [1]. 




Figure 7. Variation of the base points 




Figure 8. Elimination of domains 

Figures 7 and 8 demonstrate the effectiveness of the optimisation 
problems in the sense of number of iterations required in the analysis. The 
obtained topologies are almost the same in the sense of the final volume 
(area) of the structure both for the simulating annealing algorithms as well 
as genetic algorithms. For all analysed numerically cases with the different 
degrees of anisotropy in the eomposite plates the differences (of the value of 
optimal volume) between different variants of GA and S.A. do not exceed 
2%. However, the total number of iterations is always higher for problems 
solved with the use of S.A. algorithm. 
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5. OPTIMISATION IN A FUZZY ENVIROMENT 




Figure 9. The possible form of the membership function // 

A statistical distribution of mechanical properties is a standard 
phenomenon for composite materials. A fuzzy set analysis offers a powerful 
tool whieh may be applied in all problems where impreeiseness, uncertainty, 
fuzziness play an important role and become signifieant in the evaluation of 
the output data understood in the sense of failure loads for composite 
structures. 

For instance let us consider the experimental data eharaeterizing the 
values of laminate allowable strains in tension which lie in the interval 
/£/,8g]. Using the fuzzy set approach it is possible to describe the gradual 
transition between the state of the lack of failure s<si and the complete 
failure if s>Sg . It is described with the use of the membership function (see 
e.g. Fig. 9) where e.g. the statistical data may be used in the derivation of the 
partieular membership function form. 

To illustrate and demonstrate the sense of the introdueed deseription 
of optimisation in a fuzzy enviroment the staeking sequenee 
(topology) optimisation problem for rectangular bi-axially compressed 
and subjected to a uniform normal pressure multilayered composite 
plate have been solved. The objective function is given by eqn (1). We 
intend to maximize the loading parameter q. The objective is subjected 
to the set of six fuzzy constraints corresponding to the values of 
allowable strains in the longitudinal, perpendicular and transverse 
directions to fibres (the simplest FPF criterion in the form of the maximal 
strains) for tension and compression, independently. The form of the 
membership functions (six functions) is assumed to be identical to that 
plotted in Fig. 9. The different parameters fi characterizing the slope of 
the curve have been analysed starting from 0 (the deterministic, crisp 
analysis) to 0.5 to describe various values of the fuzziness. 
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Figure 10. The fuzziness of the optimal loading parameter q 



Then with the use of elassical relations for deformations of plates one 
may express in the analytical form the relations between strains in each 
individual ply, external loads and fibre orientations. Applying genetic 
algorithms one may find the optimal fibre orientations in plies as the 
function of the load parameter and of the fuzziness related to the slope of the 
curve plotted in Fig. 9. The EVOLVER package have been also used in 
numerical computations. For instance, for the laminated structure made of 
20 plies (symmetric, balanced laminates) the optimal fibre orientation is: 



tations are a function of material and geometrical parameters as well as of 
the total numbers of layers in the laminate. Figure 10 demonstrates the 
fuzziness of the loading parameter q for various parameters P and X. In the 
analysed case the optimal stacking sequence written above is independent on 
the fuzzy constraints, however the maximal loading parameter may vary. 
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Abstract: For the RIM and RTM processes two optimisation problems have been 

formulated and solved. In the first case the quality of the manufactured 
product is evaluated by the spatial distribution of the degree of cure, whereas 
in the second case by the values of the residual strength arising during the 
chemical reactions and thermal stresses. The design variables represent 
temperatures and/or heating regime during technological processes. 



Keywords: RIM process, RTM process, optimisation, genetic algorithms. 



1. INTRODUCTION 

Recently, the design of technological processes is conducted with the use 
of numerical modeling of them and then the experimental verification of the 
results. Numerical simulation of complex physical phenomena allows us to 
introduce and solve different optimisation problems. In the area of resin 
moulding various numerical methods (FDM, FEM, CVM) have been used to 
describe a progress and development of different physical processes. Such 
technological processes are especially difficult in numerical description due 
to complexity of physical modeling of them and on the other hand with 
respeet to complex 2-D or 3-D forms of moulds and of products. 

In the present paper the optimisation problems for two similar teehno- 
logical processes will be discussed in details: the resin transfer moulding 
(RTM) through a porous media (composite materials) and the reactive 
injection moulding (RIM). The numerical simulation is conducted with the 
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use of the control volume element method - the package FLUENT. The 
physical models used in the analysis are discussed in details in Refs [1], [2], 



2. GOVERNING RELATIONS 



For the non-isothermal process the fundamental set of equations should 
describe simultaneously different stages of the technological process, i.e.: 
(1) the behaviour of the fluid (the synthetic resin) during the filling of the 
mould coupled with (2) a heat transfer analysis from the mould walls and (3) 
the reactive nature and complex rheology of reactive materials (the viscosity 
and curing kinetics) during the gelation stage of the process. The Navier- 
Stokes equations are commonly used in modeling of a such class of 
problems, however, they are supplemented by a set of additional relations 
describing the viscosity and curing kinetics. In the case of the viscous 
Newtonian fluid the set of fundamental Navier-Stokes equations may be 
written in the following integral form: 



\wdQ. + -F^)dS= ^QdQ. 

a da 



( 1 ) 



or in the equivalent differential form: 

dW - 

— + V(f,-fJ = 0 (2) 

where: 

W^’' = \p,pVj,pE] Ff = \pV,pV^Vj + pS^j,pHv\ h = cT, 

0 ^'- = [0,pUpfiV^+q,],Q, = , 

H = h + -FV,=E + ^, ( 3 ) 

2 p 



The above relations describe the exchange (flux) of mass, momentum 
and energy through the boundary 50 of a control volume O, which is fixed 
in space. There are two flux vectors F^,F^ . The first one is related to the 
convective transport of the quantities in the fluid. Usually it is termed vector 
of convective fluxes, although for the momentum and the energy equation it 
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also includes the pressure terms pn where p denotes a static pressure and 
r? is a unit, normal vector. V means the velocity vector having the 
components Vj . The second flux vector - vector of viscous fluxes, contains 
the viscous stresses Ty defined in the following way: 



7 // = P 



Gv, , 3vp 



\*i 



dx, 



2 dV; ^ 

3 dxj 



u 



( 4 ) 



as well as the heat diffusion, where T is a temperature, 1 is a thermal 
conductivity coefficient and p, - molecular fluid viscosity coefficient. H is 
the total enthalpy, h means the enthalpy and^ are components of the body 
forces whereas denotes the time rate of the heat transfer per a unit mass. 
E denotes the total energy of a fluid per a unit mass. 

The above general relations deseribing flow of the resin and the heat 
transfer have to be supplemented by the equations characterizing the 
rheokinetics of the resin in the sense of the viscosity relations: 



77 = 



P 

P 



= B exp 










J 



( 5 ) 



^ = ^h = (k] + )• . i=l >2 (6) 

where :B , C], C 2 , J* - constants; T - the absolute temperature.; ag= 0.65 
(65% of a cured material); a- degree of cure at the given temperature T [%] ; 
m,n- constants; k, - reaction rate constants; Ar pre-expotential factors; Ei 
- activation energies; R - the universal gas eonstant. According to this 
model a degree of cure at time t is defined as: a = G(t )/G-^ where G(t)- the 
heat of reaction released at time t at a given temperature, and Gx - the total 
heat of reaction at a sufficiently high temperature at which the resin is 
perfectly cured. 

Dependly on the used model the eoeffieient ki may be identically equal 
to zero (the model Bogetti, Gillespie) [3] or not. 

The set of governing equations (l)-(6) is supplemented by the boundary 
and initial conditions formulated at the resin inlet, at the boundaries of the 
mould and at the free surface of the resin filling the mould and additionally 
for the RTM processes by the Darcy flow rule: 
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7J 



(7) 



describing the penetration of the resin through the porous medium of fibres. 



3. CODING OF THE DESIGN VARIABLES 

Both technological processes discussed herein, i.e. the RIM and the 
RTM processes are eonducted in the similar way presented in Fig.l. 




Figure 1. 2-D cross-section of the mould with manufactured part 

The initially heated resin mixture is injected into the mould through the 
inlet gate - their number may be greater then one. In the part of the mould 
oecupied by the manufactured part a porous media may exist that detemines 
unidirectional, 2-D or 3-D systems of fibres in the case of the RTM process 
and one or more obstacles in the macro scale (or even none of them) in the 
ease of the RIM process. In the mathematical or numerical sense the 
difference between two proeessess results in the appearance of the 
additional set of equations (the Darcy flow rule - Eqn (7)) for the RTM 
process whereas for the RIM process the additional part inserted into the 
space occupied by the manufactured part in Fig.l leads to the apperance of 
additional boundary eonditions at the boundaries of obstacles. Then the 
whole mould is heated to the prescribed temperature and then eonsolidated 
and cooled. The temperature in the mould is controlled by a finite set of 
electric heaters running around the mould in 3-D space. 
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In optimisation problem the optimisation procedure and forms of design 
variables are mainly connected with the definition of the temperature regime 
- see Fig.2. 




Figure 2. Heating and cooling regime of the manufactured parts 

With the regard to optimisation problems dealing with the numerical 
analysis of the Navier-Stokes equations for technological processes one may 
distinguish two general groups of objectives: 

— Shape optimisation of moulds resembling structural shape optimisation 
problems and in view of that FE packages are rather preferred since the 
numerical formulation of a such class of problems is well established, 

— Optimisation of parameters or boundary/initial conditions of 
technological processes; in such an analysis the advantages in the 
application of the CVM are rather obvious. 

Of course, in the second case the degree of cure a and the distribution of 
temperatures T inside the mould vary with boundary conditions (the number 
of inlet gates, values of pressures etc.), positions of electric heaters located 
outside the mould, the values of the temperatures at those points and on 
many mechanical and thermal parameters describing the cure kinetics of the 
problem. Each of them may be treated as design variables of the 
optimisation problem. In addition, it is possible to assume that design 
variables s are constant in time during the heating part of the thermal 
process, i.e.: 



Sk(Xi,t) = 



( 8 ) 



or they may vary in time but in a specific, prescribed way, i.e.: 
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)’ \-^ pl\ (^) 

where k denotes the total number of design variables, whereas pi and p2 
means the number of time intervals in the assumed heating process - see 
Fig.2. The cooling phase of the thermal process (Fig.2) is analysed for the 
RTM process only. 

The identical coding procedure is applied to the optimisation problems 
denoted above as 1 and 2 via the Bezier spline functions. Flowever, design 
variables described by the Eqn (8) are used in the analysis of the RIM 
process, whereas the second relation (9) will be applied for the optimisation 
of the RTM processes. 



4. OBJECTIVES OF OPTIMISATION 



4.1 The RIM Process 

It is obvious that the heating of the mould in room or very low 
temperatures can reduce significantly or even eliminate the problems 
mentioned in the previous section. Flowever, on the other hand, the quality 
of the product and its strength increases significantly for the curing process 
at high temperatures. Therefore, it is necessary to conduct the heating 
process at high temperatures but analysing both spatial as well as time 
distributions of the degree of cure a and these effects should be taken into 
account in the objective. Finally, the objectives of our optimisation problem 
can be formulated in the following way; to maximize 



h 
F 



where : h - the total number of the control points, 4 - the total time of the 
curing process, «p; - the degree of curing at the control point P;, t; - the i-th 
time step, N, - the total number of time steps in the numerical simulation, 
pen - the penalty coefficient, A - the value computed from the formulae: 



h N, 

■ S — Z ^ • pen 

i=ltk-100 .=1 



( 10 ) 
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A = 



da 

dsp 



, da „ 

dsp 

da 

0 where < 0 

dsp 



( 11 ) 



4.2 The RTM Process 

In the RTM process due to variety of chemical exothermal reactions and 
curing procedures residual stresses of non-mechanical origin can arise and 
finally may lead to the reduction of the load carrying capacity of the 
structure. Therefore the fundamental optimisation problem takes the 
following form: to minimize the residual stresses varying the time interval 
during the curing procedure - see Eqn (9), i.e. 

Min a(t) (12) 

using the appropriate physical model characterizing the non-mechanical 
strains and stresses - see Hahn et al. [4]. 

5. NUMERICAL MODELING 

Each design variable given by Eqs (8) or (9) is a real number. It is 
discretised and represented as a binary string of a finite length. Increasing 
the length of the string it is possible to obtain the required accuracy. Then 
the genetic algorithm procedures conjugated with the FLUENT package are 
used to find the optimal solution. It should be emphasized that the 
fundamental problem lies in a good and correct numerical modeling of the 
physical problem. Therefore the numerical control volume model is build at 
the beginning of the numerical analysis in order to verify the accuracy of 
computations and then it is applied in the optimisation process. 



6. OPTIMISATION RESULTS 

To illustrate the effectiveness of the proposed method the analysis of the 
RIM process will be discussed herein. Figure 3 demonstrates the beginning 
of the process - the filling of the mould by a liquid, initially heated to the 
temperature 40° C epoxy resin as well as the position of the inlet gate. In the 
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present analysis 3-D problem have been considered. It is assumed that the 
mould is heated along six points and their temperature are treated as design 
variables. 




Figure 3. Filling of the mould by a liquid resin 

Commonly, the heating of the resin is conducted at the constant 
temperature along the lines which is equal to 140° C. Figure 4 shows the 
final distribution of the degree of cure a at the end of the heating process. 




Figure 4. The distribution of the degree of cure a for the classical heating process at the 
temperature 140° C (the total time of the process 880 sec) 
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As it may be seen the gelation of the epoxy of the resin is almost 
constant inside the mould what is not very convenient since the new resin 
cannot be inserted into the mould and the air bubbles or voids may arise 
inside the manufactured part. 




Figure 5. The optimal distribution of the degree of cure a (the total time of the process is now 

reduced to 8 1 5 sec) 




Figure 6. The optimal distribution of temperature around the mould at the end of the process 
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Conducting the optimisation analysis, where eaeh temperature along the 
electric heaters lines is represented by the string having seven numbers one 
ean obtain much better distribution of the resin (see Fig. 5). As it may be 
observed the gelation of the resin starts very far from the injection gate 
loeated at the lower left part of the pieture (see Fig. 3) and finishes close to 
the gate. Such a situation is the best from the quality of the product point of 
view since the flow of the fresh resin is continuous during the whole euring 
process. 

The optimal distributions of temperatures around the mould is shown in 
Fig.6. In addition, one can notice that the total time of the euring proeesses 
has been reduced but less then 10%. 
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IN OPTIMIZATION OF STRUCTURES 
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Abstract: This paper is devoted to the application of hybrid evolutionary algo- 

rithm (HEA) in optimization of structures under dynamical loads. The 
HEA algorithms is a coupling of evolutionary and gradient algorithms, 
additionally the artificial neural network is used to control the selected 
parameters of this algorithm. The NURBS curves were used to model 
the shape of the structure. Three special types of chromosomes were 
tested to control the number of internal voids in the case topology op- 
timization. The boundary element method [2] was need to compute 
the fitness function. The fitness function was expressed as the func- 
tion depending on the displacements, stresses, mass, eigenfrequencies 
and compliance. Several tests were made [7], more interesting ones are 
presented in this paper. 



Keywords: evolutionary algorithm, gradient algorithms, neural networks, boundary 
element methods, optimization 



1. INTRODUCTION 

Both kinds of algorithms (evolutionary and gradient algorithms) were 
used separately so far, and when they were used skillfully, the results 
were satisfactory. However, in the case of more complex problems, the 
disadvantages of both attitudes were more evident. The alternative can 
be coupling the both algorithms into one, called the hybrid evolutionary 
algorithm. In this paper an idea of coupling the algorithms is presented. 
Moreover, the resultant algorithm is supported by the artificial neural 
network (ANN), defining the direction for work of the algorithm. 
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2. HYBRID EVOLUTIONARY ALGORITHM 

A hybrid evolutionary algorithm is constructed as a coupling of on 
evolutionary algorithm [1][6] and the gradient method. 

The special kind of mutation was introduced: a gradient mutation. 
This operator changes any chromosome Ch{k): 



[geni{k),gen 2 {k ), . . ,,geni{k ), . . .,genn{k)] (1) 



where Xi, i = 1,2, ..., n, are genes. 

The chromosome after mutation is given as: 



[geni{k + l),gen 2 {k + 1), . . .,gerii{k + 1), . . .,genn{k + 1)] (2) 



The new genes are: 
gerii{k + 1) 



gerii{k) gdy I = 0 

gerii{k) + Ageni{k) gdy I = 1 



where: k = 0, 1,2, ...,M - is the number of mutations, I - a random 
value which takes value ^ = 0 or / = 1. Correction values Agerii{k) create 
vector Agen{k) which takes the form: 



Agen{k) = a{k)^{gen{k)) 



( 3 ) 



where: a{k) - a coefficient describing a step size, ^{gen{k)) - a vec- 
tor describing the direction of searching. Vector ^{gen{k)) can be con- 
structed on the ground of the knowledge of a gradient and a hessian. 
In the hybrid algorithm three kinds of the gradient mutation may be 
proposed. The formulas below describe how to determine the searching 
direction for different types of mutation: 

■ for the steepest mutation: 



C{gen{k)) = -Vf{gen{k)) (4) 



■ for the conjugate gradient mutation: 



C{gen{k)) = -Vf{gen{k)) -h !3^{gen{k - 1)) 



( 5 ) 
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where: /3 is the coefficient describing the influence of previous gra- 
dient, — 1) - conjugate directions. 

■ for the variable metric gradient mutation: 

i{gen{k)) = -DkVf{gen{k) (6) 



where: D(k) is a hessian inverse matrix approximation computed 
on the base of the gradient. 

The performed tests have shown, that presented attitude gives very 
positive results. The algorithm reached the global optimum faster thanks 
to the gradient operator. During testing such an algorithm it can be no- 
ticed that the modification of the parameters when the algorithm works 
can decrease the computation time. The first parameter is the population 
size. It can be controlled using the formula: 

pop-sizet = apop-sizet-i (7) 

where: t - generation, a - is a real value from interval [0, 1]. In this 
work received that a is a value from interval [0.5 ,1]. 

The second parameter is the iteration number of the gradient muta- 
tion. The gradient mutation was presented in the previous paper [??]. 
It has been decided that only the best individual is changed using the 
gradient mutation. 



Mt = C ( 8 ) 

It has been assumed, that considered parameters are modified using 
the history of the best individual’s fitness function value. 

In order to implement it the ANN has been applied. The ANN consists 
of 3 layers: input ( 10 neurons), hidden (4 neurons) and output (1 neuron) 
one. The input values are the appropriately transformed fitness functions 
of the selected individuals. The gamma value is the output value. The 
ANN was trained using 60 training vectors and verified for other 60. The 
selected parameters have been controlled using the following formulas: 

2 — a , . 

pop-Sizet = — - — pop-Sizet-i (9) 



and 
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funkcja celu 




Figure 1. 



The schema of global idea 




Figure 2. The artificial neural network 
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Mt = int{Ca) 



(10) 



where: a - is a output value of the network, C- is a maximum number 
of mutation (in this work C=10). 

3. FORMULATION OF THE OPTIMIZATION 
PROBLEM IN DYNAMICS 

A elastic body, which occupies a domain 0, bounded by a boundary 
r, is considered. Boundary conditions in the form of the displacement 
and traction fields and the initial conditions are prescribed [3] [5]. 




Figure 3. The body under dynamical loads 



One should find the optimal shape and topology of the boundary T 
by minimizing an objective functional: 

minJo(x) (11) 

X 



with constraints: 

Jq,(x) = 0, a = 1,2,..., A and J/ 3 (x) > 0, /3 = 1, 2, ..., B (12) 

where: x is a vector of shape design parameters. 

In work the fitness function was formulated as follows: 

■ eigenfrequencies functionals: 



J — tui, 



(13) 
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J = min |u;/- — Wjj, i = 1,2,3, (14) 

i 



J = min |wi+i — Wi|, i = l,2. (15) 

i 



■ compliance functional: 




pudr dt 



(16) 



■ stress functional: 



J = 



[ 


^red 


Jr 


. cro _ 



dTdt 



(17) 



where: a^ed - equivalent stress, (Tq - admit stress, n - a parameter; 



■ displacement functional: 



J = 




n 

dVdt 



(18) 



where: uq - admit displacement; 

■ mass functional: 

J = [ pdn (19) 

Jn 

4. MODELING OF THE SHAPE AND 
TOPOLOGY OF THE STRUCTURE 

For the control of the shape of the body the NURBS curves were used. 
This approach can decrease the number of design variables. 

The internal boundaries were modelled using the very well known 
shapes e.g. a circle, an ellipse, and the closed NURBS curves (for the 2-D 
problems) and a sphere, an ellipsoid and the closed NURBS surfaces. 

Three special types of chromosomes were tested to control the num- 
ber of internal voids in the case of topology optimization. The optimal 
combination of genes is presented in Fig 5. 

The number of the internal voids depends of the condition imposed to 
the size of the void, e.g. radius for a circle. 
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Figure 4- The kinds of the parametrization of the internal boundaries for the 2-D 
problems a) a circle, b) an elipse, c) a closed NURBS curve 
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Figure 5. The optimal chromosome for the topology optimization 



5. EXAMPLES 

5.1 Numerical example 1. 

A shape and topology optimization problem of the structure presented 
in Fig 6 is considered for criterion (15). The HEA searched the optimal 
topology and shape of the structure. 




Figure 6. 



The structure before the optimization 
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Figure 7. The parametrization of the structure 



The upper part of the boundary was modelled using the 6-point NURBS 
curve, additionally 4 circular holes could be introduced to the structure 
(Fig.7). 

The population size of the HEA in the first generation (in the next 
generations the ANN controls the population size) was equal to 200. 
The number of generations was equal to 100. After the optimization the 
fitness function was decrased from 2226 to 2271 The Fig. 8 shows 
the optimal topology and shape after the optimization. 




Figure 8. The structure after the optimization 



5.2 Numerical example 2. 

A shape optimization problem of the structure presented in Fig. 9 
is considered for criterion (17). The structure is loaded by force F{t) = 
Fo77(t); Fq = lOkN, and constrained on the left hole. The HEA searched 
the optimal shape of the structures. The outside part of the boundary 
was modelled using a polynomial and a circle (Fig. 10). 
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Figure 9. The structure before the optimization 




Figure 10. The parametrization of the structure 
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The population size of the HEA in the first generation (in the next 
generations the ANN controls the population size) was equal to 50. The 
number of generations was equal to 100. After the optimization the 
fitness function was decreased from 20382 to 5036 The Fig. 11 

shows the optimal shape after the optimization. 




Figure 11. The structure after the optimization 



5.3 Numerical example 3. 

A shape optimization problem of the structure presented in Fig. 12 
is considered for criterion (19). The structure is loaded by force F{t) = 
FQsin{u)t)] Fq = lOkN, and constrained on the lower part. The HEA 
searched the optimal shape of the structures. 

The free part of the boundary was modelled using the 8-point NURBS 
surface. The population size of the HEA in first generation (in the next 
generations the ANN controls the population size) was equal to 50. The 
number of generation was equal to 400. After the optimization the fitness 
function was decreased from 0.98 to 0.87 kg. 

6. CONCLUSIONS 

The time of evolutionary optimization can be effectively shortened by 
the application of the application of the artificial neural network (by 
50%). Performed tests show that this approach is resistant for the kind 
of fitness functions. 
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Figure 12. The structure before the optimization 




Figure 13. The structure after the optimization 
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Abstract: In the paper the software package called Evolutionary Optimization System 

(EOS) is presented. This package contains several single and multicriteria 
optimization methods based on evolutionary algorithms. EOS is coded in the 
ANSI C language and it is a user-friendly computer program with the window 
structure. The system can be used to solve some design automation problems. 
In the paper the spring design automation problems are discussed and these 
problems show clearly that using EOS we can obtain automatically the 
optimum design of the springs giving only the basic data. 

Keywords: evolutionary algorithms, evolutionary optimization system, spring design 

automation. 



1. INTRODUCTION 



Many design optimization problems are modelled by means of nonlinear 
programming (see for example [3,5]). The use of conventional optimization 
methods, such as gradient based methods, direct search methods etc., to 
solve these problems is limited. Recently genetic and evolutionary 
algorithms are widely used to solve complicated design optimization 
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problems (see [2,4]). In the paper the software paekage called Evolutionary 
Optimization System (EOS) is presented. EOS is designed to solve single 
and multicriteria optimization problems for nonlinear programming 
problems, i.e. for the problems formulated as follows: 

Find vector of decision variables 



X = [Xj ,^2 , J 

which will satisfy the K inequality constraints: 
g^(x)>0 fork= 1, 2, ..., a: 
and the 4/ equality constraints: 

^m(x) = 0 for m = 1, 2, ..., A/ 



( 1 ) 

( 2 ) 

( 3 ) 



and optimize the vector of objective functions: 



f(x*) = [/;(x),/2(x),...,//x)] (4) 

For single criterion optimization problems instead of the vector function 
f(x) we have the scalar function^x) which is to be minimized. 

In this paper nonlinear programming modelling is used to solve design 
automation problems for some machine elements. 



2. ARCHITECTURE OF EOS 

Figure 1 shows the architecture of EOS. The system consists of three 
elements: windowed shell, evolutionary algorithm (EA) kernel and GNU - C 
language compiler. 

EA system kernel is supplied as the object fde (optimize. o), which is 
compiled using the public domain GNU - C compiler. The user prepares his 
optimization problem as C file (userfunc.c). This file should be compiled 
into the object form (userfunc.o) and than both object files are linked into the 
executable form (ea.exe). These tasks are performed automatically by EOS 
windowed shell (options from 7 to 9 - see Figure 1). 

The windowed shell of EOS enables the user project management, i.e., 
creating and recording new projects and editing the existing ones. All 
projects are stored in separated files. 

EOS windowed shell has editing fields, which are responsible for: 
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- Making the description of the optimization problem. 



EOS - windowed shell 

1. Project making/reading/saving 

2. Project description editing 

3. UserFunc.C editing 

4. EOS data for EA editing 

t 

5. Decision variables range editing 

6. Results viewing ■* 

7. Object userfunc.o for GNU making - 

8. EA kernel linking and compiling 

9. EA kernel running 



I C code file for the optimization 
►| problem: userfunc.c 



I Prot 
— » |file: 



Problem data and parameters for EA 
eosdata.txt 



Decision variables ranges 
file: xranges.txt 



► Project, file: name.prj 
Scotiool: Problem dcscnption 
SectionZ- Userfunc.c 
Sections: Data for EA 
SectioM. Variable ranges 
Sections: Results 



i 

\[} 






GNU 

C language compiler 






Object GNU file: 
userfunc.o 

optimization problem 



Object GNU file: 
optimize . 0 
EA kernel 

EA kernel 
ga.exe 



Optimization results 
• file: dmy.txt 






Figure 1. The interactive optimization system EOS architecture 



- Creating the user function C source code. 

- Introducing the input data for the optimization problem, evolutionary 
algorithm methods and additional data. 

- Defining decision variable ranges. 

- Storing optimization results. 



3. GENERAL DESCRIPTION OF EA KERNEL 
SYSTEM 

The general diagram of the EA kernel system is presented on Figure 2. 
The system is equipped with the following evolutionary methods: 

1 . For single criterion optimization: 

a) Proportional selection method with the penalty function. 

b) Bicriterion method 

c) Simple tournament selection method with the penalty function. 

d) Constraint tournament selection method. 

2. For multicriteria optimization 

a) Simple distance method. 

b) Pareto set distribution method. 

c) Constraint tournament selection method. 

For multicriteria optimization problems the indiscemibility interval 
method can be used for selecting a representative subset of Pareto optimal 
solutions after running the assumed number of generation. 

For both single and multicriteria optimization methods the following 
models can be solved: 
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Figure 2. General flow diagram of EOS kernel. 
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b) with integer decision variables, 

c) with discrete decision variables, 

d) with mixed continuous - integer decision variables, 

e) with mixed continuous - discrete decision variables. 

In EOS chromosomes can have: 

a) binary representation, 

b) real number representation, 

c) Gray coding representation. 

Crossover operations can be performed as follows: 

a) one point crossover, 

b) two point crossover, 

c) variable point crossover. 

Mutation operations can be performed as follows: 

a) uniform mutation, 

b) non-uniform mutation for binary representation and for real number 
representation. 

4. WINDOW STRUCTURE OF EOS 

EOS is coded in the ANSI C language and it is a user-friendly computer 
program with the window structure. Some examples of the windows will be 
presented below. 

In Figure 3 the window for the user supplied function, called nonpro 
function, is shown. This function is responsible for the introduction of an 
optimization problem into EOS. Its structure creates also the possibilities for 
design automation processes. The instructions under different cases of this 
function have the following meanings: 

a) Under case 1 the basic problem dependent data are read and the 
additional data are calculated. Data base or expert systems can be 
implemented here. 

b) Under case 2,3 and 4 an optimization problem is introduced into EOS by 
means of the description of objective functions, inequality and equality 
constraints. 

c) Under case 5 the problem dependent results can be calculated and 
presented to the designer. In design automation processes this case can be 
used to create the fde for obtaining the final draw of the design element 
or even for creating the file which is used for manufacturing process of 
this element. 

Another window of EOS is presented in Figure 4. This window is 
responsible for introduction of the data while running EOS. 
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/* U0«r function dofinitien for optiaization aodol */ ^ s 

*xt«rn doubl* X( } , G( | , HI] , f {] « fS 



void nonpro(int indox) 

I 

/* Othoc local vatxablaa dafinition haca */ 
twitch (indax) 

I 

casa 1: 

/* Instcuctiont for introduction data into tha problaa */ 

/* and/or graphical illustration of tha problan */ 
braak ; 

cata 2: 

/* objactiva functions P dafinition hara */ 
braak; 

casa 3: 

/* Inaquality constraints G dafinition hara */ 
braak; 

casa 4: 

/* Equality constraints H dafinition hara */ 
braak; 

casa S: 

/* Instructions for printing tha problan oriantad rasults *t 
/* and/or graphical illustration of tha solution *i 
braak; 



1 Compiling Errors 
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Figure 3. EOS screenshot - user function definition page 




Figure 4. EOS screenshot - Input data page 
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Figure 5. EOS screenshot - output results page 



Finally the window with the results of the optimization process is 
presented in Figure 5. All results from this window are stored in the fde, 
which can he printed after the session with EOS. 



5. METHODS OF DESIGN AUTOMATION 

To solve design automation problem two methods can he used: 

Method 1 

This approach is based on two models with the respective computer 
programs. 

Model 1: This model should find for the given input parameters an 
acceptable solution, i.e., a solution that satisfies constraints imposed on an 
element or an assembly. 

Model 2: This model describes the optimization problem, i.e. the 
relations between the given input parameters, decision variables, constraints 
and the objective function. For Model 1 the method finds automatically an 
acceptable solution which is used to establish lower and upper bounds on the 
decision variables. Then the optimization process is carried out using those 
bounds employing Model 2. 
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Method 2 

For some problems using the constraint tournament selection method the 
optimal design can be found using very wide ranges of the decision 
variables. These ranges can cover all possible dimensions for all designs we 
want to optimize. Thus, the proposed method is very simply and uses only 
Model 2 for which the evolutionary algorithm based method generates the 
solution within the following bounds: 

x\ <Xf <xf fori= 1,2 ,1; (5) 

where; x\ - the smallest possible value of the /-th decision variable. 
x|* - the greatest possible value of the /-th decision variable. 

Running the constraint tournament selection method using the above 
bounds an optimal solution can be found automatically for any design. The 
method requires only the basic data to be introduced. 



6. SPRING DESIGN AUTOMATION 

6.1 Optimization model of the helical spring 

Let us consider design automation of coil compression springs the 
scheme of which is presented in Figure 6. 




Figure 6. Scheme of the spring 



Optimization model can be presented as follows. The vector of decision 
variables is: 

X = \x\,X 2 ,x-^,x^Y 5 where: 



Xi - wire diameter of the spring [mm]. 
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X 2 - meancoil diameter of the spring [mm], 

X 3 - length of the spring [mm], 

X 4 - number of aetive coils [-]. 

The objeetive function is the volume of the spring, which can be 
expressed as follows: 

f{^) = ^xf^7T^-X2xl +X 3 +^xfx2 ( 6 ) 

Formulas for the constraints are based on Polish Standard 
PN-85/M-80701-3. Due to page limitation the constraints are described 
only verbally: 

a) shear stress constraint, 

b) stiffness of the spring constraint, 

c) clearance between coils constraint, 

d) buckling constraint, 

e) geometric constraints. 

The optimization model is considered as a discrete one, with the 
following sets of possible values of deeision variables: 

Xi = {0.5, 0.63, 0.8,..., 6.3, 8.0, 10.0 }, 

X 2 = {1,2,3,4,...,60,61,62,...,300}, 

X 3 = {1,2,3,...,50,51,52,...,600}, 

X 4 = {1.5,2.5,...,49.5} 

These sets cover almost all possible spring designs. The EOS can find the 
optimal solution automatically using only the following basie data: 

a) material of the spring, 

b) compression force, 

c) stiffness or deflection of the spring, 

d) type of the spring (running/no running). 

After solving the optimization problem using the constraint tournament 
selection method the optimal design of the spring can be obtained 
automatically. 

Numerical Example 

Let us consider example of spring design. The input data taken from [1]: 

a) Material of the spring - 45S, 

b) Compression force - 1850 [N], 

c) Stiffness of the spring - 20.55 [N/mm], 

d) Type of the spring - non running 

The results obtained using the automation design method are: 



fix) = 84 989.59, x = [8.0, 63.0, 159.0, 7.5f 
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Using these results EOS creates automatically the file for AutoCAD and 
then the final drawing of the spring is created. This drawing is shown in 
Figure 7. 
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Figure 7. Engineering draws for the optimal spring in AutoCAD format. 



6.2 Concentric spring design automation 

Concentric spring design automation problem is considered as a second 
problem. The scheme of the spring the scheme of is presented in Figure 8. 
The optimization model was build on the basis of formulas from [4] and [6]. 

The optimization model is as follows: 

Decision variables: 

X = [xi, X 2 , X 3 , X 4 , Xs, X(,, whcrc: 

Xi - wire diameter of the outer spring [mm], 

X 2 - meancoil diameter of the outer spring [mm], 

X 3 - number of active coils of the outer spring [-], 

X 4 - wire diameter of the inner spring [mm], 

Xs - meancoil diameter of the inner spring [mm], 

X6 - number of active coils of the inner spring [-], 

Xj - length of the spring system [mm]. 

The problem is finding dimensions of concentric springs, which satisfy 
constraints and minimize function of volume of the springs. 
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/(x)=^{x?-^^-x^-x^+(x7-xi)2+xJ-^;r^x^-x2+(x7-X4)2 

^ ( 2 2 1 

+— -|Xi -X2+X^ -X^j 

Constraints: 

Due to page limitation the constraints are described verbally: shear stress 
constraint, stiffness of the spring constraint, clearance between coils 
constraint, buckling constraint, geometric constraints, total stiffness of the 
spring, dependencies between diameters of both springs, difference between 
the safety factors of strength fatigue of both springs. 

Numerical Example 

The optimization problem is considered as a discrete programming 
problem with the following sets of discrete values of the decision variables: 
Xi = {0.5, 0.63, 0.8,..., 6.3, 8.0, 10.0 }, 

X 2 = {1,2,3,4,...,60,61,62,...,300}, 

X3={1.5,2.5,...,49.5}, 

X 4 = {0.5, 0.63, 0.8,..., 6.3, 8.0, 10.0 }, 

Xs= {1,2,3,4,...,60,61,62,...,300}, 

Xfi= {1.5,2.5,...,49.5}, 

X 7 = {1,2,3,...,50,51,52,...,600}, 

The input data for optimization process are as follows: 

a) Load P= 1500 [N], 

b) Spring constant c = 150 [N/mm], 

c) Material of the spring - toughened spring steel 5HG. 

The results of automation of design of the concentric springs are as 
follows: 




,e - Q Q - e 






OD' Q Q G G 






X7 






Figure 8. Scheme of the concentric springs 



fix) =41 667.74, X = [lO.0, 49.0, 1 .5, 7.5, 30.0, 2.5, 46.0]^ 
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From this example it is clear that the proposed method can find 
automatically the solution for more complicated spring design problems. 



7. CONCLUSIONS 

In the paper the Evolutionary Optimization System is presented and 
advantages of using the system in design automation processes are shown. 
These advantages refer to the process of creating the data for the 
optimization procedure, which generates the optimal solution automatically, 
and to the process of obtaining the data for the graphical illustration of the 
solution as well as creating the data for the manufacturing process. 

In the paper single criterion optimization models are considered. In some 
design automation problems a multicriteria optimization approach should be 
used. Such approach creates difficulties, which refer to the decision making 
problem. This will be the subject of further investigations. 
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Abstract: A new designing approach for the rotor and the stator of a universal motor for 

home appliances is presented in this paper. It is based on a simple and efficient 
genetic algorithm. The aim is to optimize the geometric parameters of the 
rotor/stator lamination in an automated way to reduce the main motor's power 
losses. With this design procedure the motor's efficiency has been significantly 
improved. 



Keywords: evolutionary optimization, universal motor, design automation 



1. INTRODUCTION 



Most home appliances with small motors, such as vacuum cleaners or 
mixers, are driven by a universal motor. Because of the widespread use of a 
universal motor, it is very important that the energy consumption of the 
motor (input power) is as low as possible, while the appliance still satisfies 
the needs of a user (output power). Hence, the technical quality of a 
universal motor can be expressed as efficiency, which depends on various 
losses. 

The main losses, i.e., the iron and the copper losses can be reduced by 
optimization of rotor and stator geometry. Because of a high magnetic 
saturation of iron in universal motors, this is a highly non-linear problem. 
Due to the complexity of the solution originating in the non-linearity of the 
problem, a genetic algorithm (GA) [1] was used for optimization of rotor and 
stator geometry. 
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2. ROTOR AND STATOR GEOMETRY 

The geometry of the rotor and the stator was defined parametrically. 
Some of the parameters were invariable, and were not altered due to the 
technological aspects. Only the dimensions of the variable parameters that 
were mutually independent (like the external radius of the rotor, the rotor 
pole width, the rotor jag diameter, the stator jag radius, etc.) were varied. In 
addition to the above-mentioned independent variables there are also 
dependent variables, which were defined from independent ones. All these 
dimension parameters are shown in Fig.l. 




Figure 1. Geometric parameters: a) stator, b) rotor 



3. DESIGN PROCEDURE 

According to the conventional, i.e. direct, motor design procedure the 
initial estimation of the rotor and the stator geometry is based on experience. 
The appropriateness of a newly defined motor geometry is usually analyzed 
by means of a numerical simulation of the electromagnetic field. In our case, 
the analysis is performed by commercial software ANSYS [2], which applies 
a finite-element method with automatic finite-element mesh generation. In 
case the results of numerical simulation show an inconvenient 
electromagnetic field structure, the direct design procedure is repeated until 
the motor geometry is optimized. 

The new motor design procedure described in this paper is a direct 
system also, but it is based on the GA. This stochastic process provides a 
robust and yet flexible search in the wide and complex space of the problem 
solutions in order to find an optimal global solution in a short time. The 
concept of the applied design system can roughly be explained as follows: 
the GA provides a set of problem solutions (i.e., different configurations of 
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rotor and stator independent geometrical parameters). In order to enable the 
calculation of a fitness value, each geometrical configuration is analyzed 
using the finite-element program. After the calculation of the fitness, 
reproduction of individuals and application of genetic operators on a new 
population are done. The GA repeats this procedure until a predefined 
number of iterations have been accomplished. 



4. CALCULATION OF LOSSES 

The finite -element program is used to calculate a fitness values of each 
solution, where fitness corresponds to iron and copper losses in the stator 
and the rotor of the motor. 

4.1 Calculation of copper losses 

The copper losses are the joule losses in the stator and in the rotor 
windings (stator and rotor slots): 



PcuSiot=I^-R = J^-A-9-l,,,, ( 2 ) 

where J is current density, 7 is current, N is number of turns, A is slot 
area, p is copper specific resistance and l,um is length of winding turn. 

The overall copper losses are as follows: 

Rcu = PcuSlot.i ( 3 ) 



where i stands for each slot. 

4.2 Calculation of iron losses 

The iron losses include the hysteresis losses and the eddy-current losses, 
primarily in the armature core and in the saturated parts of the stator core. 
Because of the non-linear magnetic characteristic, the iron losses calculation 
is less exact. An empirical formula for the hysteresis loss is defined as 
follows: 
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P,=k,-B’^ -f-m (4) 

where kh is hysteresis material constant at 50 Hz, B is maximum 
magnetic flux density, /is frequency, m is mass, n is exponent between 1.6 
and 2.0 (material dependent). 

The eddy current loss is defined as follows: 

P,=K-B^-f-m (5) 

where ke is eddy-current material constant at 50 Hz. 

The frequency of magnetic field density in a stator is 50 Hz (frequency of 
power supply), while in a rotor the frequency is much higher and depends on 
the motor speed. Since the eddy current losses depend on the square of the 
frequency, and the hysteresis losses increase linearly with the frequency, the 
main rotor iron losses are the eddy current losses. On the other hand, these 
losses depend on the square of the flux density. If the hysteresis losses in the 
rotor are neglected, the rotor iron losses can be calculated using (5) where B^ 
is obtained from the finite-element solution for each node. Consequently, the 
overall B^ of a rotor is calculated as an average of B^ of all rotor nodes. 

When calculating stator losses, hysteresis loss and eddy current loss must 
be summed up. Additionally, the factor n must be roughly estimated. Since 
the overall stator losses are approximately five times smaller than the rotor 
losses, even a non-exact estimation of a factor n does not have a significant 
influence on the overall motor iron losses calculation. Consequently, the iron 
losses of a motor can be expressed by the following equation: 

^Fe ~ kg ■ B ■ fgQ! ■ fyifQf + kg ■ B ■ '^kjj ■ B ■ fgfQi ■ festal (^) 

The sum of the iron and the copper losses PcuFe represents a so-called 
objective function for the GA. 

PcuFe = ^Fe + ^Cu (7) 



4.3 Calculation of other losses and efficiency 

Beside the iron and the copper losses, three additional types of losses also 
take place in a universal motor, where: PBrush are brush losses, Pvent are 
ventilation losses and Pfnct are friction losses. All three types of losses 
mainly depend on the motor speed. Since the motor speed is equal for all 
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solutions, these losses are considered constant in our analysis. Considering 
all losses, the overall efficiency of a universal motor is defined as follows: 



Pi + P Brush + Pvent + Pprict ~^P CuFe 

where P2 is output power. Consequently, the goal of the present 
investigation is to maximize this efficiency. 

The finite-element program needs the following data in order to solve the 
electromagnetic problem: 

- well defined geometry of the analyzed element; 

- appropriate finite-element mesh; 

- material properties (iron B-H function, copper specific resistance); 

- density of the electric current in the conductor area. 

The result of the solution is a magnetic vector potential on every node of 
the finite-element mesh. From this potential, the values of flux density, field 
strength, magnetic energy and electromagnetic torque can be calculated. The 
output power of a motor is a product of the electromagnetic torque and the 
angular velocity. 



5. GENETIC ALGORITHM 

Traditional search and optimization methods are slow in finding the 
solution in a complex problem's search space. For this reason, we decided to 
apply the GA to increase the efficiency of a universal motor with respect to 
the geometry of its rotor and stator unit. The other reason was that the 
problem is a non-linear one. The GA is based on a heuristic method, which 
requires little information to search effectively in a large search space. 

The GA codes parameters of the problem's search space as finite-length 
strings over some finite alphabet, ft works with a coding of the parameter 
set, not the parameters themselves. The algorithm employs an initial 
population of strings, which evolve to the next generation by probabilistic 
transition rules such as selection, crossover and mutation. The objective 
function evaluates the quality (fitness) of solutions coded as strings. This 
information is used to perform an effective search for better solutions. There 
is no need of other auxiliary knowledge. The GA tends to take advantage of 
the fittest solutions by giving them greater weight, and concentrating the 
search in the regions of the search space with likely improvement. 

The GA is different from the traditional techniques because of its 
intrinsic parallelism (in evaluation function, selections) that allows working 
from a broad database of solutions in the search space simultaneously. 
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climbing many peaks in parallel. Thus, the risk of converging to a local 
optimum is low. The random decisions made in the GA can be modeled 
using Markov chain analysis to show that each finite GA will always 
converge to its global optimum region [3]. In spite of its simplicity, the GA 
has proved to be an efficient method for solving various optimization and 
classification problems, in areas ranging from economies and game theory to 
control system design [4,5]. 

Putting the new rotor and stator design procedure into practice the 
primary work was to define the encoding method of solution candidates, the 
genetic operators and the termination criteria. Also a method of evaluating 
the relative performance of solution candidates for identifying the better 
solutions had to be selected. 

5.1 Encoding 

Parameters of the problem's search space were coded as strings, i.e. 
chromosomes, over the alphabet 91 of real values. Using a symbolic 
presentation of a string with 1 1 charaeteristics (rotor and stator independent 
geometric parameters) gives: 

S= S1S2S3S4S5S6S7S8S9S10S11 

Here, each of the S; represents a single stator or rotor geometrical 
parameter, where each characteristic may take on a real value from 91. 

The rotor and the stator independent geometric parameters of an existing 
universal motor were used to form a starting string, which was reproduced 
(u-l)-times to generate an initial population of u-strings. A random value 
distributed linearly on ±A was added to each characteristic value of the 
starting string to define a reproduced string. The entire set of strings upon 
which the GA operated was called a population. 

5.2 Genetic operators 

To evolve the best solution candidate, the GA employed the genetic 
operators of selection, crossover and mutation for manipulating the strings in 
a population. The GA used these operators to combine the strings of the 
population in different arrangements, seeking a string that maximizes the 
objective function. This combination of strings resulted in a new population. 

The first genetic operator used by the GA for creating a new generation 
was selection. To create two offspring two strings had to be selected from 
the current population as parents. Most fit strings were seleeted for 
reproduction. We had applied the elitism strategy, where a randomly 
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selected number of least-fit members of the current population were 
interchanged with the equal number of the best-ranked strings. 

Crossover proceeded in two steps. First, strings were mated randomly, 
using a given probability pc to pair off the couples. Second, mated string 
couples crossed over, using a random probability to select the one-point 
crossing sites. An integer position k was selected between 1 and the string 
length less one [!,/-!]. Swapping all characteristic values between the 
positions k+\ and / inclusively created two new strings. For example, 
considering strings A and B and choosing a random number k=A. The 
resulting crossover yielded two new strings A ' and 5 ': 



A = 01020304 I O5O6O7O8O9O10O11 A' = 01O2O3O4 1 b5b6b7b8b9biobn 



B = bib2b3b4 I b 5b 6b 7b 8b 9b 10b 11 B' = bib2b3b4 \ O5O6O7O8O9O10OU 



Moreover, we might use a constant probability pr to select a case, in 
which the values of the swapped characteristics were calculated as a mean 
(average) value of the parent characteristic values. 



= b: =■ 



a-, +b: 



( 9 ) 



While the first crossover approach assured that the child solutions 
preserved the 'genetic material' from both parents, the second one helped to 
seek for other solutions near to solutions appeared to be good. 

Mutation was a process by which strings resulting from selection and 
crossover were perturbed. It served to create random diversity in the 
population. Each string was subjected to the mutation operator. Mutation 
was performed on characteristic-by-characteristic basis, each characteristic 
mutating with a probability p„. However, since a high mutation rate resulted 
in a random walk through the GA search space, p„ had to be chosen to be 
somewhat low. There was also a possibility of annealing the mutation rate, 
where pm was decreasing linearly with each new population. Namely, we 
assumed that each new population generally was more fit than the previous 
one. Such an approach was used to overcome a possible disruptive effect of 
mutation, and to speed up the convergence of the GA to the optimal solution 
in the final stages of the optimization. 

5.3 Fitness evaluation 



Following selection, reproduction, crossover, and mutation, the new 
population was ready to be evaluated. Therefore, each new string created by 
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the GA was decoded into a set of rotor and stator geometrical parameters, 
and its fitness was estimated running the ANSYS. First, a finite-element 
numerical simulation was performed. Then, the iron and the copper power 
losses were calculated. Their sum (7) corresponded to the solution's fitness. 

Additional criteria for the solution evaluation was the price of the 
material needed to make a motor. This criterion was considered through the 
outer dimensions of the lamination. Since we wanted to keep the amount of 
material constant regarding the initial design we also made some 
optimizations with fixed outer dimensions. 

5.4 Termination criteria 

The GA operated repetitively, with an idea that, on average, solutions of 
the population defining the current generation had to be as good (or better) at 
maximizing the fitness function as those of the previous generation. When a 
certain number of populations had been generated and evaluated, the system 
was assumed to be in a non-converging state. This criterion was a 'time-ouf 
approach. The fittest member of the current generation at the time the GA 
terminated was taken to be the solution of the design problem. 

5.5 Parameter settings 

Finding good settings for parameters of the GA that work for the problem 
was not a trivial task. Robust parameter settings had to be found for 
population size, number of generations, selection criteria and genetic 
operator probabilities: 

- If the population size was too small, the GA converged too quickly to a 
local optimal solution and might not find the best solution. On the other 
hand, large population required long time to converge to a region of the 
search space with significant improvement. 

- Applying the elitism strategy fitter solutions had greater chance of 
reproducing. But when the number of least-fit solutions to be exchanged 
with best-fit ones (the selection criteria) was too high, the GA was 
trapped too quickly in a local optimum solution. Flowever, this number 
was subject to the population size. 

- Too low crossover probability preserves solutions to be interchanged and 
longer time is required to converge. This probability should be large 
enough to crossover almost all mated solutions. 

- Too high mutation probability introduced too much diversity and took 
longer time to reach an optimal solution. Too low mutation probability 
tended to miss some near-optimal solutions. Using the annealing strategy 
the effects of too high or too low mutation were overcome. 
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6. EVALUATION 

First, the efficiency of an existing universal motor was calculated. The 
power losses of this motor were 313W and the output power 73 IW. In the 
outline (Fig. 2a), the levels of magnetic flux density through the rotor/stator 
lamination are shown. The darkest gray color indicates areas with the highest 
level of magnetic flux density, which results in high iron losses (2.3T). 

After several runs of the GA, a set of promising solution candidates was 
collected. For each candidate a finite-element numerical simulation followed 
by the calculation of the fitness value was performed. Most of the solutions 
show a significant reduction of power losses in comparison with losses in the 
existing motor. The best solution results in a power losses reduction of 28%, 
and defines a motor with power losses of 226W. The comparison of the 
magnetic flux densities in the existing and the optimized (Fig. 2b) motors 
shows a clear reduction of areas with the highest levels of magnetic flux 
density in the optimized motor. 




Figure 2. Lamination outline: a) initial, b) optimized 



In the second phase of the evaluation the outer dimensions of the motor 
lamination were fixed to ensure unchanged (not increased) material costs 
and allow the implementation of the motor into the same housing as before. 
There is a difference (Tab. I) in power losses and efficiency of the optimal 
motor due to our additional constraints. However the overall losses were 
reduced by 16%. After a prototype of the motor was measured we could 
evaluate the real values of losses and its efficiency. These values are shown 
in Tab.I and are slightly different from the calculated ones, because of the 
mentioned non-exact iron losses calculation. 
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Table -1. Evaluation results 



analytic calculation prototype measurement 





existing 


new 


existing 


new 


input power 


1044 W 


1037 W 


1100 w 


1100 w 


efficiency 


70.0 % 


74.5% 


69.7% 


72.6% 


output power 


731 W 


773 W 


767 W 


799 W 


power losses 


313 W 


264 W 


333 W 


301 W 


efficiency difference 


4.5% 


2.9% 


power losses difference 


49 W 


32 W 



For both types of a motor the overall eomputation time was about 70 
hours on Pentium III Computer Station. Here the population size was 30, 
number of generation was 100 while the erossover and mutation 
probabilities were 70% and 0.1% respeetively. 



7. CONCLUSION 

In this paper we deseribed an approaeh using the GA in a very early 
motor design phase when an optimal eonfiguration of the geometrieal 
parameters has to be found. The GA generates sets of solution candidates, 
which are evaluated using finite-element method. We demonstrated that by 
repeating the process of generating sets of solutions in the evolutionary way, 
an optimal configuration with reduced power losses can be found in a very 
short time. 

Using the GA the power losses of an existing universal motor were 
reduced for at least 10% and up to 28%. Increasing the GA running time or 
setting its parameters more appropriately could still improve this result. 
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Abstract: Cluster Oriented Genetic Algorithms (COGAs) have the ability to identify 

high-performance (HP) regions of complex design spaces through the on-line 
filtering of solutions generated by a genetic algorithm [1]. COGAs support the 
designer by providing relevant information relating to the characteristics of HP 
regions. This can lead to the identification of best design direction during 
early stages of design or to reduce the complexity of design space through a 
reduction in variable range or the conversion of problem variables to fixed 
parameters both during conceptual and detailed design. The paper introduces 
the initial variable mutation cluster oriented genetic algorithm (vmCOGA) 
before briefly describing more recent improvements and their implications. 
Examples then follow of the utilisation of COGAs both for exploratory 
conceptual design and for variable space reduction during more rigorous 
stages of the design process. 



Keywords: 



cluster oriented genetic algorithms, decision support, design space reduction. 



1. INTRODUCTION 

The objective of COGA is the identification of high performance regions 
of a design space and the achievement of sufficient regional set-cover (in 
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terms of number of solutions) to allow significant qualitative and 
quantitative information to be extracted. COGA comprises two primary 
components: the diverse search engine (DSE) which searches the design 
space and discovers regions of high performance and the adaptive filter (AF) 
which extracts and stores information relating to each identified region. 
Variable mutation COGA (vmCOGA) uses differing mutation rates to 
achieve an appropriate exploration / exploitation balance. A number of 
search stages, each consisting of any number of generations, are introduced. 
During initial stages, the mutation rate is high to ensure efficient sampling of 
the design space. In later stages the mutation rate is relaxed to promote 
convergence of search and formation of clusters of solutions in high 
performance regions. VmCOGA search is defined by two vectors: the 
generational vector (g) which defines the end point (in generations) of each 
search stage and the mutation vector (m) which defines the mutation 
probability used during each search stage. 

p{mutation) search stage 1 {mp^ ) 
p(mutation) search stage 2 (mpj) 
p{mutation) search stage 3 {mpA 

p{mutation) search stage n (mpA 

The vectors, g = {5, 10, 15, 20, 25} and m = {0.08, 0.06, 0.04, 0.02, 0.01} 
therefore define a vmCOGA run of five search stages each consisting of five 
generations, the mutation probability during stage one to five is 0.08, 0.06, 
0.04, 0.02 and 0.01 respectively. 

The Adaptive Filter (AF) copies high fitness designs from the evolving 
population to the Final Clustering Set (FCS). The AF overcomes problems 
experienced by most multi-modal evolutionary algorithms relating to 
required apriori knowledge of the design space by modelling the fitness of 
the evolving population using the normal distribution. This probabilistic 
approach eliminates the need for apriori since the process maps the fitness 
distribution to the interval {0,1}. The filtering process itself may be further 
split into two processes, explicit and implicit filtering. Explicit filtering 
occurs after each search stage when each chromosome within the population 
is checked against a predefined filtering threshold (Rf). If the normalised 
fitness of the chromosome is greater than Rf, the solution is copied, with 
replacement, to the FCS (Figure 1). If the normalised fitness is less than Rf 
the solution does not enter the FCS. As with the diverse search engine, the 



end of search stage 1 (genf 
end of search stage 2 (geUj) 
end of search stage 3 (genf) 

end of search stage n {genf) 




A REVIEW OF THE DEVELOPMENT AND APPLICATION OF... 



333 




Normalised fitness distribution 

Do (i-1 to i-POPSIZE) 

{ 

J-n 

a 

if if; > Rf) 

{ 

copy zth population 
member to PCS 

} 

} 

Figure 1. The action of the adaptive filter 

filtering thresholds applied during search are defined by a filtering vector, 

Rf, 

filtering threshold used at the end of search stage 1 {Rf) 
filtering threshold used at the end of search stage 2 {Rf) 
filtering threshold used at the end of search stage 3 {Rf) 



f = fitness of ith. population 
member 

f = normalised fitness of /th 
population member 
= mean population fitness 
CT = standard deviation 
Rf = filtering threshold 



|_ filtering threshold used at the end of search stage n (-/?/„)] 

Hence, the filtering vector, Rf = {1.5, 1.5, 1.5, 1.5, 1.5}, defines five explicit 
filtering stages each using a filtering threshold of 1.5. Implicit filtering 
overcomes the loss of information between filtering stages by copying 
solutions to the FCS if their true fitness exceeds the fitness value associated 
with the previous filtering threshold [1]. 

The filtering process continually extracts high performance solutions 
during search without the need for apriori knowledge relating to the design 
model. A further advantage is the elimination of the need to maintain stable 
niches within the population since all solutions are extracted dynamically 
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during search. During the early stages of search global solutions of relatively 
low fitness enter the PCS. As search converges, solutions with higher 
fitness, located at or about optimal regions generally enter the PCS. 



2. IMPROVING SOLUTION GENERATION 

Mutation alone is not the most efficient means for exploration and 
solution diversity. High mutation may destroy heritability during search and 
the setting of the mutation probability during search is by no means arbitrary 
[2,3]. Two novel exploration approaches have therefore been developed 
namely Halton Injection (HiCOGA) and Spatial Selection (SsCOGA). 

HiCOGA increases design space sampling by injecting solutions 
generated from a low discrepancy sequence (LDS) directly into the 
crossover phase [4]. An LDS generates any number of points that uniformly 
fill an n-dimensional unit hypercube [5] ensuring more efficient search space 
sampling when compared with randomly generated points. The Leaped 
Halton Sequence [6] is utilised. Solutions selected using objective function 
fitness are paired and reproduce with injected chromosomes. As the number 
of injected solutions increases, a greater proportion of diverse individuals 
take part in crossover, and the sampling of the search space increases. The 
number of injections made per generation may be used to attain a balance 
between exploration and exploitation (in the same way as mutation is 
employed in vmCOGA). During the initial stages of search high numbers 
of injections ensures maximal sampling of the design space, as search 
progresses the number is relaxed to promote the convergence upon high 
performance regions of the search space. 

Sampling within SsCOGA [4] utilises a dual selection scheme where 
increased potential for selection is placed upon more isolated individuals 
within a population. Parents are selected using a local solution density 
metric and paired with further parents selected in terms of objective function 
fitness. For a given parent (Pi) its local density fitness (dm) is the Euclidean 
distance between itself and its nearest neighbour. Using this metric, 
solutions from less densely populated regions will have an increased 
probability of being selected when compared with the solutions in more 
densely populated regions. As with HiCOGA, high numbers of spatial 
selections promote the maximal sampling of the design space, whilst 
reduced numbers result in lesser degrees of sampling and an increase in the 
rate of convergence upon regions of high performance within the design 
domain. 

The ability of HiCOGA and SsCOGA to significantly increase sampling of 
the search space and to promote exploration of more sensitive regions has 
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been demonstrated empirically and complete results can be found in [4] & 

[7]. 

The numbers of Halton injections and Spatial Selections are declared 
before and remain unaltered during search. Considerable emphasis is 
therefore placed upon the user who may not be familiar with either the 
search space under investigation or the COGA tool being used. To avoid 
this, the number of Halton injections and Spatial Selections needs to be 
controlled during search by some population convergence measure that is 
extracted from the evolving population. This approach eliminates the need 
for apriori tuning of both algorithms whilst also supporting the attainment 
and maintenance of optimal search capabilities during operation. A feedback 
metric specifically designed to increase the sampling of the search space 
uses a measure based upon the spatial diversity of the population. The 
metric is a development of the measure used to assign a spatial fitness to 
ssCOGA. Full details can be found in [7]. Results indicate higher levels of 
convergence within the FCS when compared with a test suite of algorithms 
including vmCOGA, HICOGA and SSCOGA. 



3. THE DYNAMIC ADAPTIVE FILTER 

A drawback of both Spatial Selection and Halton Injection is an increase in 
the sensitivity of search. A Dynamic Adaptive Filter (DAF) has thus been 
developed to increase the robustness and accuracy of COGA by reducing the 
effects of two causes of poor filter performance, model drift and model 
mismatch [8]. 

Explicit filtering involves the normalisation of the population fitness 
distribution and its comparison against a predefined filtering threshold. 
During intermediate generations a solution is also copied to the FCS if its 
true fitness exceeds that associated with the previous filtering threshold 
(implicit filtering). Implicit filtering is therefore prone to a degree of 
inaccuracy (model drift) since the actual population mean and standard 
deviation change during the generations between explicit filtering.. 

Model mismatch occurs when the theoretical population distribution does 
not accurately model the true population. The problem of model mismatch 
will further augment the inaccuracies caused by model drift. Kurtosis and 
skewness are two scenarios where the actual population distribution may 
depart from that described by the normal distribution. If the degree of 
kurtosis becomes too great the normal probability distribution function 
(PDF) no longer adequately models the true fitness distribution and model 
mismatch occurs. As with kurtosis, if skewness beeomes too great, model 
mismatch may result. 

Model drift and mismatch are overcome by including explicit and implicit 
filtering into a single operation which occurs at the end of each generation 
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after the first seareh stage. The DAT utilises a library of PDFs to model the 
population fitness distribution. The PDF that produees the closest match to 
the actual fitness distribution, according to a “closeness of fit” metric is then 
introduced. A probability mapping converts the value of Rf to an equivalent 
fitness threshold (fRf) for the chosen distribution. A population member is 
then copied to the FCS if the fitness exceeds the fRf threshold [8]. 



THE COGA GRAPHICAL USER INTERFACE 
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COGA sits within a graphical user interface in which the user may set, 
monitor and control all COGA search parameters in addition to objective 
and variable bounds relating to the problem domain. The regions of high 
performance may then be explored by plotting any combination of two of the 
problem's design variables within a two dimensional hyperplane. 

This is illustrated in Figure 2. The 2d hyperplane relating to gross wing 
plan area and wing aspect ratio variables of a BAE preliminary airframe 
design problem clearly illustrates the identification of a TIP region relating to 

the maximisation of 
ferry range. Clicking 
upon any of the 
solutions within the 
FIP region results in 
the ferry range value 
plus the vector of 
corresponding variable 
values appearing on 
the screen. Colour 
coding of the solutions 
gives a rapid indication 
of their relative fitness. 
The designer can 
immediately identify 
reduced lower limits of 
the bounds of these 
two variables in order 
to focus search in the 
high performance 
region. Calculating the 
standard deviation of 
the fitness of the 
solutions within the 
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Figure 2. Selected design variables presented within a 
2D hyperplane with solutions from the FCS projected 
upon it 



FCS also gives an indication of solution robustness. 
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Figure 3 shows an alternative variable hyperplane with solutions from 
the same FCS projected upon it. In this case high performance solutions are 

distributed across the entire 
variable ranges. The designer 
can, in this case take two 
courses of action: 

• Keep the variable bounds at 
their current settings; 

• Using the colour coding and 
the ability to pull up the 
fitness and variable vectors of 
any solution select a solution 
that satisfies requirements and 
fix the two variables defining 
the hyperplane to the values of 
the preferred solution. 

The second option 
converts the two variable 




Figure 3. Alternative hyperplane relating to 
different variables 



parameters to fixed parameters thereby reducing the dimensionality of the 
design space and its overall size. 

Figure 4 shows the boundaries of three FCSs generated from individual 
COGA runs. The solutions in each relate to a differing objective of the same 
preliminary airframe design problem i.e. Ferry Range, Attained Turn Rate 
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Figure 4. Identification of compromise high-performance regions relating to three 
differing objectives. 



and Specific Excess Power. 

Each bounded area represents a high-performance region relating to its 
specific objective. In the left-hand figure the same filtering factor (Rf) has 
been used for each objective. This projection of objective space onto 
variable space provides an indication of the probable degree of conflict 
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between the objectives. The left-hand figure indicates that a common region 
for Ferry Range and Turn Rate has been identified but the Specific Excess 
Power objective cannot be satisfied with that filter setting. However, 
relaxing the Specific Excess Power filter threshold allows lower fitness 
solutions through and boundary moves as indicated in the right-hand figure 
resulting in the identification of a common region for all objectives. 
Relaxing the filter threshold could be considered to be a change in relative 
preference relating to the three objectives i.e. in order to satisfy all three we 
are willing to accept lower fitness solutions in one (or more). 

5. THE INTERACTIVE EVOLUTIONARY DESIGN 
STATION 

COGA has been integrated with the Interactive Evolutionary Design Station 
(lEDS) [9,10]. The lEDS is a conceptual design / decision support tool 
comprising several components. At the lEDS core is a co-evolutionary 
component that simultaneously investigates differing aspects of the design 
problem. Agent-based software provides communication between 
evolutionary processes and between the user and the various lEDS modules. 
Designer preferences can be introduced and modified on-line by the user 
where such modification is based upon relevant information extracted from 
the co-evolutionary system. Information is continuously extracted by 
COGA and presented to the designer who can further process such 
information off-line with other members of the design team. COGA 
therefore contributes to the information-gathering component of the lEDS. 

The aim of the lEDS is to provide a dynamic medium that improves the 
design team’s knowledge base relating to the problem at hand. This 
promotes continuous interaction resulting in the re-formulation of the design 
problem as uncertainty and ill-definition decreases in proportion to 
knowledge gained. 

6. FURTHER WORK 

It is necessary to introduce some independent check to ensure that the 
compromise regions shown in the projections of Figure 3 are actually 
mutually inclusive. On-line analysis of the solution vectors of the Final 
Clustering Sets provide increased confidence in the graphical representations 
plus further define the extent of each high-performance region [11]. 

Current work is investigating the utilisation of evolutionary classifier 
systems (CS) for similar high-performance region identification [12]. The 
intention is to integrate the COGA and CS system approach in order to 
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extract further information relating to region bounds and variable / objective 
interaction in the form of succinct rules. 

COGAs have been largely been perceived as conceptual design tools 
that can support decision-making in the preliminary stages of design. 
However, with the rapid increases in computational capability it now seems 
feasible to introduce the COGA concept to more detailed design processes. 
The integration of COGA with low-resolution finite element analysis could 
result in significant search space reduction in terms of both reduced variable 
ranges and the conversion of variable parameters to fixed parameters. It is 
intended to investigate this approach more fully. 



7. DISCUSSION 

The paper reviews a number of improvements to the basic variable 
mutation cluster-oriented genetic algorithm. The replacement of vmCOGA 
with the injection of Halton individuals (HiCOGA) and the use of spatial 
selection (SsCOGA) improves the degree of search space sampling and 
convergence within the FCS. The control mechanism eliminates the need to 
set injection and sampling rates. The Dynamic Adaptive Filter (DAF) 
increases algorithm robustness. Five library PDFs cover the envelope of 
projected population fitness distributions. The DAF significantly increases 
algorithm robustness without any discernible reduction in the sampling of 
the search space. 

Examples of the utilisation of the COGA concept relating to both single 
and multi-objective satisfaction are shown and the integration of the concept 
with an Interactive Evolutionary Design System has been briefly described. 

A more detailed history of the development of COGA, its utilisation and 
its integration with the lEDS can be found in [13]. Detailed results relating 
to recent developments can be found in Chris Bonham's referenced papers 
and in his PHD thesis [7]. The reader is also directed to reference [14] for 
more information relating to the Interactive Evolutionary Design System. 
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Abstract: The in- plane elastic behavior of a thin perforated plate is studied in 

the optimization context of finding the hole shapes which minimize the 
stored strain energy . In the literature, the loading conditions are usu- 
ally assumed to be fixed with no changes allowed. The resulting optimal 
structure may thus appear to be ill-designed for even small load varia- 
tions which inevitably occur in actual practice. Here, we consider the 
more realistic case when the plate is subject to any biaxial load from the 
interval between a hydrostatic state and pure shear. This is a minimax 
problem in which the worst admissible load and the best solution are 
identified concurrently. The numerical results are partially based on the 
previous author works’s [13, 14] 

Keywords: microstructure, plates, open hole, biaxial loading, load uncertainty, ge- 
netic algorithm 



1. INTRODUCTION 

Flat perforated construction elements are widely used in engineer- 
ing. In many instances, they may be modeled as a thin infinite plate 
weakened by a regular array of traction- free holes. Though difficult to 
achieve in practice, the regularity assumption allows for averaging the 
stress micro fields over the cell. This procedure gives statistically cor- 
rect assessments of the effective (i.e. macroscopic) moduli of the plate. 
They relate averages of an arbitrary stress macro field to the induced 
average strains in the convenient form of the local Hooke’s law. At these 
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settings, the maximum of a particular effective modulus provides the 
minimum energy response and hence the most structure rigidity on the 
corresponding loading. 

By definition, the moduli are independent of the applied stresses. How- 
ever, they do depend on the hole shape which thus may be specially 
designed for making the perforated structure as stiff as possible. In the 
literature, this shape optimization problem was considered mostly for a 
fixed loading or equivalently for a separate effective modulus. Under this 
restriction, the bulk-optimal [3, 10, 7] and the shear-optimal contours 
[13] were explicitly found by various analytical and numerical methods. 
The results obtained show that each modulus is being optimized with 
some sacrifice in the others. This may limit the utility of the designed 
structures in the more practical case of the load uncertainties. 

To overcome this, [4] have modeled the changing loading conditions as 
a set of different loads specially tailored for each concrete application. 
The authors proposed a minimax formulation of the optimization prob- 
lem when the energy is first maximized over the loads in order to find the 
’’worst” load at which the optimal structure is then identified. This ap- 
proach has made it possible to identify the optimal two-phase composite 
which is stable to variations in the uniaxial loading. Topologically, the 
class of admissible composites includes the high rank matrix laminates 
described by [2]. Whilst providing the global energy minimum at all 
loads, these multi-scale structures are technologically unavailable. 

Here we consider only more credible 1-scale perforated structures though 
the global minimum is unreachable in this narrowed set at any but a hy- 
drostatic loading [1, 13]. We also suppose that the load set is formed 
by two orthogonal axial load with their ratio varying equiprobably from 
one (hydrostatic loading) to minus one (pure shearing). These settings 
permit a minimax formulation of the optimization problem when the 
energy is first maximized over the loads in order to to find the ’’worst” 
load at which the optimal structure is then identified numerically by the 
genetic algorithm (GA). 

Here, the standard GA is specially tailored for our purposes as was de- 
tailed in [12, 13]. First the Kolosov-Muskhelishvili periodic potentials 
are combined in a fresh manner to perform a fast fitness evaluation. Sec- 
ond, an effective self-adjusting scheme is proposed to encode randomly 
generated hole shapes with ” automatic” retention of a given volume frac- 
tion c < 1. This technique helps to achieve a stable solution up to the 
values c < 0.85. 

The main conclusion obtained is that the pure shear is the ’’worst” ad- 
missible load at any hole volume fraction and hence the shear-optimal 
contour is likewise optimal over the above described load set. 
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2. ANALYTICAL BACKGROUND FOR 

EVALUATING THE ELASTIC BEHAVIOR 
OF PERFORATED PLATES 



Topologically, a perforated regular structure is formed by replicating 
a basic cell in two dimensions. Let the cell contain only one strictly 
interior centered hole with a smooth traction-free boundary L and the 
volume fraction 0 < c < 1. For definiteness, let also the structure have 
two-fold (square) rotational symmetry which corresponds to the simplest 
anisotropic model with three different effective moduli: the bulk modulus 
Ke and two shear moduli He, The energy density W of any micro 
stress field {gxx-, o'yy, axy} is then written (see, for instance, [2]) as a 
positive definite quadratic (PDQ) form : 



4W 



Ke Re P*e 



( 1 ) 



in the basic stress averages (•) over the cell: Tr = (axx) + Wyy)i Dev = 

{o'xx) — Wyy) and {(Txy)- They also serve as trial loadings to derive the 

effective moduli as the cell harmonic means: [11] : 

1 1 4Ai , , 

— = — -h — ; Tr = 1, Dev = {axy) = 0 (2a) 

— = - -h Dev = 1, Tr = (axy) = 0 (2b) 

/ig /i -C/ 

\ = - + {cTxy) = 1, Tr = Dev = 0 (2c) 

Te P ^ 



Here K, fj. and E = 4Kfi/{K + /x) are the bulk, shear and Young local 
moduli of the solid phase. Hexagonal structures with three-fold symme- 
try are macro isotropic [8] : fie = rI- 

Given any geometry, the dimensionless coefficients ^ 1 , 2,3 are to be found 
by solving the direct doubly periodic elastostatic problem [11]. They de- 
scribe the hole-induced changes in the local moduli K, fx and hence in 
the energy density W . With (1, 2) the density increment AIT takes the 
form involving only one rather than two local elastic moduli: 



4AlT = Tr2(^-l)+W(--^) + (a,,)2(l-i) 

Kf, K He li fie p 



A A Dr'^ ^ ^ Dev"^ 



Pe P 

+ 4H; 



i^xy) 



E 



(3) 



At given structure symmetry type H. 1 ^ 2,3 depend only on the hole shape 
and its volume fraction: Aj = Aj(L,c),j = 1,2,3 [11]. Table 1 gives the 
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cellular (thin- walled) solid asymptotics (c ^ 1) of the effective moduli 
and hence of their dominating coefficients ^ 1 , 2,3 found in [6] from the 
different considerations. 

Of particular interest is a square cell under no twisting load : {oxy) = 0 



Table 1. The limit behavior of the coefficients ^ 1 , 2,3 from (2) with c ^ 1 



Cell type 




A 2 


As 


Square 


c 


c 


4c 


1 — c 


1 — c 


(1-C)3 


Hexagon 


c 

1 — c 


2c 

3(1 -c)3 


A 3 = A 2 



when the remaining items A \^2 in (3) are of the same asymptotic order 
and hence may be compared indiscriminately in the whole interval 0 < 
c < 1. 

3. STATEMENT AND ANALYSIS OF THE 
OPTIMIZATION PROBLEM 

Without loss of generality assume that one of two average loads, say, 
{(Txx) is always non-zero, so that 

Tr = {I + q){axx)] Dev = {I - q){axx) 

Q = {(Tyy) / {axx)] -1 < g < 1 

With this in view, we use Table 1 to normalize (3) as a PDQ form in q: 

Aw{L,c,q)={l - c)EAW/{axx)‘^/c=ai{L,c){l + qf+a 2 {L,c){l - qf' (4) 
0 (j{L, c) = (1 — c)Aj{L, c)/c, j = 1, 2; 0 < c < 1; — 1 < g < 1 

In particular 

tc(L, c, 1) = ai(L, c); w{L, c, —1) = a 2 {L, c) (5) 

Now, suppose that the plate may be subject equiprobably and indepen- 
dently to any non- twisting load; that is the parameter q varies uniformly 
between minus and plus one. Then, (4) serves as the optimality criterion 
in the following minimax problem: 

At given c, to find the square symmetric hole shape which minimizes the 
normalized energy density w: 

max w(L,c,q) > min 

-l<q<l {L} 



( 6 ) 
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over the range 



-l<q<l (7) 

As a PDQ function (4) of q, the criterion w has a maximum only at 
either of the interval endpoints (7 = ±1 



max w{L,c,q) = max[w{L,c,—l)]w{L,c,l)] ( 8 ) 

— 1 < 5 <! 

= max[a 2 (-L, c); ai(L, c)] 

with both values in the brackets relating to the same hole shape L. 
Therefore, ( 6 ) is brought to the form 

min max w{L, c, q) = min max[a 2 (A, c); ai(L, c)] (9) 

{L} -l<q<l {L} 

As separate minimization criteria, the quantities (5) define the bulk- 
and shear-optimal holes, further referred to with the symbols K and fi, 
respectively: 

ai(L,c) > min = a^^\c) (10a) 

{L} 

a 2 {L,c) > min = ( 10 b) 

{L} 

The optimization problem (10a) was solved analytically [3, 10, 7] for any 
c < 1 : 

a[^\c) = 1 ( 11 ) 

in parallel with the parametric representation of the K— (or equi-stress, 
[3]) shapes through doubly periodic functions. The more complicated 
criterion « 2 ^^(c) from (10b) is numerically found up to c < 0.85 [13] by 
a genetic algorithm (GA) approach. In doing so, the intuitive consider- 
ation was used by which the optimal contour may be only convex. This 
assumption, while not proved mathematically, keeps the GA from per- 
forming numerically unstable calculations early in the process. Other 
GA characteristics were chosen as given in Table 2. The limiting case of 
an isolated hole (c ^ 0) has been pursued separately [9, 5, 12] with the 
numerical schemes involving the easier-to-compute Laurent series rather 
then doubly periodic expansions. It is worth noting that the A— holes 
are smooth, whereas the fx— contours have angular points in which the 
tangential stress changes its sign. 

After finding the optimal shapes, their non-optimal complementary pa- 
rameters a^^\c) and a^^\c) are also computed by solving the direct 
elastostatic problem [13] . All four moduli are shown in Fig. 1. In 
conformity with Table 1, the curves approach unit value from above at 
c ^ 1 . 
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Table 2. The GA operator types and their probability rates typically used in further 
optimizations 



GA Parameter 


Parameter value (s) 




Gene 


Integer number [0; 255] 




Individual 


Interface shape 




Population size 


800 




Number of genes 


91 for a square , 61 for a 


hexagon 


Initial population 


800 random individuals 




Selection 


Tournament 




Elitism 


Four best individuals 




Grossover 


1-point 




Grossover rate 


0.90 




Greep mutation 


By randomly changing a 


bit 


Greep mutation rate 


0.35 




Jump mutation 


By adding a random integer value 
typically [-4; 4] 


Jump mutation rate 


0.35 




Stopping criterion 


After 1200 iterations 





2.0 

W 



1.8 



1-6 



14 



1.2 



1.0 

0.0 01 0.2 03 04 0.5 0.6 07 0.8 09 10 




Figure 1. End-of- interval (extremal) values of the energy density w for the K— and 
fi— square symmetric holes against the hole volume fraction 0 < c < 0.85 

4. THE NUMERICAL COMPARISONS 

BETWEEN THE EFFECTIVE MODULI OF 
THE BULK- AND SHEAR-OPTIMAL 
STRUCTURES 

We are now in a position to compose the resolving inequalities for the 
considered optimization problem. Indeed, Fig. 1 suggests that for any 







GA OPTIMIZATION OF HOLE SHAPES OVER A RANGE OE... 



347 



c < 1 

— 1 ) = a2^\c) > a^i\c) = w^^\c, 1 ) ( 12 ) 

Then, combining ( 8 ), (10b) and (12) yields the chain of relations which 
hold for any c and convex L 

max[rj;(L, c, —1); w{L, c, 1)] > w{L, c, —1) > (13) 

min w{L, c, —1) = a 2 ^\c) = max[a 2 ^^(c); a[^\c)] 

1^1 

Finally, we take the minimum in (13) and use (9) to prove the optimality 
of the contours over the load range (7) 

min max w{L, c, q) = a 2 ^\c) (14) 

{L} 

By (14) is meant that a pure shearing (g = — 1) is the ’’worst” trial load 
in the interval (7) and hence the shear-optimal structures (10b) remain 
optimal in the more general sense of ( 6 ). 

On the contrary, the if— structures (10a) are not optimal over the whole 
range (7) since their endpoint energies —1), 1) are in the 

relation 

—1) = a^^\c) > a[^\c) = 1) (15) 

0 < c < 1 

opposite to (12). The elastic responses of the both structures to differ- 
ent external loads are shown in Fig. 2. The depicted parabolic curves 
demonstrate that the bulk-optimal structures lose the over-the-range 
optimality only due to their elastic behavior under dominating shear 
stresses or, equivalently, in the interval [— 1 ; ( 70 (c)) above the marked 
level = 1. Here, the function ( 70 (c) defines the point at which the 
energy difference w^^\c,q) — changes its sign from plus to 

minus: 

1 ) = = w^^\c, qo{c)) (16) 

— 1 < qo{c) < 1 ; 0 < c < 1 

Since w^^\c, q) is a PDQ form (4) in q 

Aw^^\c,q) =a^^\c){l + qf + af\c){l-qf (17) 

>w^^\c,q)] q>qo{c) 



(16) means that 



(18) 
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Figure 2. The normalized energy increment w{q, c) as a quadratic fnnction of the 
biaxial ratio q for the hole volume fraction c = 0.0(a), 0.25(fe), 0.50(c), 0.75(d). 
The solid lines and the dashed lines correspond to the fi— and the df— strnctures, 
respectively 

or, equivalently, 

= max w^^\c,q)] 0<c<l (19) 

9o(c)<g<i 

Then, again as before, we combine (19) with (8) and (10a) to derive the 
following inequalities 

max w{L,c,q)=max[w{L,c,qo{c))] (20) 

qo{c)<q<l 

w{L, c, 1)] > w{L, c, 1) > min tu(L, c, 1) = a[^\c) 

(^} 

= max[a[^\c);w^^^(c,qo(c))] 

The iK— shapes optimality over the narrowed load interval [go(c);l] is 
then proved by taking the minimum in both sides of (20): 

min max w(L, c, q) = a\^\c) 

{L} qo{c)<q<l 

It only remains to derive the function go(c) explicitly from (16). With 
(17) and (11) we have 

qo{c) = (4^^(c) - 3 ) / (« 2 ^^(c) + 1 ) 



(21) 
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The relationship (21) is plotted in Fig. 3 




Figure 3. The left end qo(c) of the optimality interval [qo(c); 1] for the IT— shapes. 
The hatching indicates the area where the separation inequality (18) does not hold 
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Abstract: In this paper, we present an object oriented library for evolution pro- 

grams, developed at the Technical University of Czestochowa. The pre- 
sented package contains number of C-|— I- classes which allow to create 
various data structures and algorithms for evolutionary computations. 
This library supports optimized kernel and flexible user interface. Its 
main features are illustrated by the example of application to the prob- 
lem of mesh partitioning. 

Keywords: evolutionary programs, mesh partitioning, object oriented programming 



1. INTRODUCTION 

Evolution programs (EPs) [3, 8], which group different search meth- 
ods based on the mechanisms known from the world of biology, are one 
of the most interesting optimization procedures. The number of prob- 
lems successfully solved using EPs is still increasing, as is the number 
of problem-solving toolkits based on EPs. Despite such interest in the 
application of these algorithms, the number of packages dedicated to 
creation of EPs is still rather small [8] , perhaps because there are many 
requirements, which should be taken into account when such software 
is being developed. On the other hand, evolution of the object ori- 
ented languages, for example C-|— b, provides developers with a number 
of functions allowing creation of more and more exact software models of 
the problems being analyzed. Generally, object oriented programming 
(OOP) [2] allows increased efficiency during software development, and 
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once software is created, OOP aids in reuse and extension by other de- 
velopers and users. 

In this paper, we present a C-|— |- object oriented library for the evolu- 
tion programs, which has been developed at the Institute of Computer 
and Information Sciences of the Technical University of Czestochowa. 
This library is an effect of studies on the application of genetic algo- 
rithms (GAs) in the field of the finite element analysis [13], but it can 
also be applied to optimization problems of different kind. In this pa- 
per, we show results of application of our library to the problem of mesh 
partitioning. 

Our paper is organized as follows. In Section 2 we provide basic con- 
cepts of EPs, which determine the architecture of the library, presented 
in Section 3. The detailed description of our package is included in Sec- 
tion 4. In Section 5 we introduce the mesh partitioning problem, while in 
Section 6 we describe application of our library to this problem. Section 
7 presents final conclusions. 

2. EVOLUTION PROGRAMS 

The evolution programs are group of optimization procedures based 
on the mechanics of natural selection and inheritance. For the last few 
years, they are increasingly being applied as an effective solution for even 
very hard optimization problems. Despite EPs differ from each other, 
it is possible to distinguish only a few elements which are common for 
these methods. 

Generally, we can say that evolution programs process a population, 
which is a set of coded potential solutions, using three genetic operators: 
selection, crossover and mutation [3, 8]. There are some exceptions of 
course, for example, the compact genetic algorithm [4] does not use 
population explicitly, and evolution strategies [8] utilize only mutation 
operator working with just one individual. 

The important difference between various EPs can be found in the 
manner of genes and chromosomes representation. GAs use binary rep- 
resentation, while evolutionary algorithms (EAs) work with integers or 
floating point numbers. Some other techniques can deal with more com- 
plex structures. Another important issue arises from diversity of a par- 
ticular genetic operator. Very often it is necessary to design a specialized 
version of a given operator, which depends on the constraints which oc- 
cur in the considered problem. A good example of using this approach 
is partially matched crossover [8], which was designed for the traveling 
salesmen problem. 
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Figure 1. UML diagram of TEPLib library. 



The relevant part of all EPs is the fitness function, which is used by 
the selection operator to evaluate a single solution, and always returns a 
positive value. Usually, the fitness function is built by conversion of the 
objective function. Additionally, in many cases it is scaled to improve 
efficiency of evolution program. 

The last element of EPs, which is common to all optimization meth- 
ods, is the termination condition. The evolution programs belong to 
the group of iterative procedures, so it is possible to apply criteria typ- 
ically used by such methods, for example, fixed number of iterations. 
However, such an approach requires some knowledge of features of the 
objective function. Alternative methods are based on the analysis of the 
population and are more general. 

3. LIBRARY FOR EVOLUTION PROGRAMS 

As it was discussed in the previous section, there are many function- 
ality requirements which should be taken into account when software 
implementation of EPs is developed. Thanks to the object oriented ap- 
proach [2], especially application of C-|--|- with the STL library [10], it 
was possible to create a package covering most of the mentioned issues. 
Fig. 1 presents the UML diagram of our library, called TEPLib., which 
is abbreviation of Templates Evolution Programs Library. 

The kernel of this library (see Fig. 2) consists of three packages: 
DataStruetures, Operators and EvaluationPunetion. Such a decompo- 
sition allows for an easy access to the main elements of evolution pro- 
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Figure 2. UML diagram of TEPLib kernel. 



grams, which is essential for the package functionality. It provides also 
two mutually independent parts: an algorithmic one, which consists of 
the genetic operators and the evaluation function, and the part contain- 
ing data structure components. 

These packages contain a number of template classes which describe 
basic EPs data structures, and define skeletons of main genetic opera- 
tors. All these classes, for example Population, are based on the STL 
structures. As a result, the library uses efficient STL memory man- 
agement and some of its generic algorithms. The application of classes 
from the packages Operators and EvaluationFunction to data stored in 
DataStructures is organized in a way which guarantees correctness of 
resulting user algorithms. 

The kernel of the library is extended by another two packages, MainAl- 
gorithm and Stop Criterion, which allow complete evolution programs to 
be implemented. 

The library contains also SimAnnealing package, which supports im- 
plementation of a simulated annealing algorithm. This package utilizes 
the EvaluationFunetion module, and can easily replace Main Algorithm 
(without reimplementation of the objective function). Additionally, the 
library includes a number of predefined genetic operators, which extend 
capabilities of our library. 
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4. LIBRARY DESIGN DETAILS 

The most important part of the kernel is DataStructures package. 
There are three classes implemented in this module. The first class is 
Gene, which allows the user to describe a single gene, its allele, locus 
and gene domain (minimal and maximal value of gene). The type of 
gene is defined by a template parameter T. This class contains also the 
virtual method flip which provides the basic mutation procedure. 

The next class is Individual, which describes a coded solution. This 
class is based on the STL vector class storing objects of type Gene. 
The use of the vector class makes initialization and modification of an 
individual easier. It also allows utilization of generic algorithms, like fill 
or partition. As a result, the user can create efficient crossover operators, 
using advantages of STL. 

The Population class is a top-level structure describing the processed 
population. As in the previous case, it is an extension of the container 
of the Individual objects. This class offers a variety of methods, for 
example, statistic functions, useful in tracing behavior of the population. 

Another three classes are included in the EvaluationFunction pack- 
age. First of them is OhjectiveFunction class. This class is responsible 
for description of an objective function, and has to be implemented by 
user. This is possible by application of mechanisms of polymorphism and 
inheritance. The objective function is converted into the target function 
by application of Converting Function class, which is a second class in 
the package. Finally, the last class, which is Scaling Function, allows to 
implement a fitness scaling procedure. 

The package Operators contains classes corresponding to genetic op- 
erators. An important feature of our design is that all these classes 
are pure virtual and represent only patterns, which have to be utilized 
when the final version of a given operator is created. However, the li- 
brary includes a set of predefined (fully functional) examples of each 
operator. In addition to Selection, Crossover and Mutation classes, the 
Operators package offers another structure called PopXOver. This class 
is responsible for application of crossing to the whole population with 
a given probability. It allows different techniques of parents selection 
to be easily applied. All classes included in the Operators and Evalu- 
ationFunction packages are function objects, that is unary and binary 
functions. 
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5. MESH PARTITIONING AND 
REFINEMENT 

The finite element analysis (FEA) [12] techniques are often used to 
model physical phenomena. In FEA models, the physical system is rep- 
resented as a system of differential equations, which is reduced to a linear 
system, created for a finite number of elements or nodes. The important 
issues concerning EEA (and other modeling methods) are time of com- 
putations and their accuracy. These two factors are strictly interrelated, 
and it is important to find a sensible proportion of them. The time of 
computations can be decreased by method parallelization [11, 12], and 
the increase of the result precision can be achieved by mesh refinement 
[!]• 

The parallelization of computations involves decomposition of the 
mesh into sub-domains (or sub-meshes) which are distributed over dif- 
ferent processors. Eollowing the classic formulation of partitioning [5], 
the partitioning of a mesh is performed before actual EEM computa- 
tions. It should provide both equal or nearly equal computational load 
for all processors and minimized number of interfacing nodes. A low 
number of interfacing nodes means lower interprocessor communication, 
that is important for efficiency of parallel computations. Even in this 
formulation, the problem of mesh partitioning is NP-complete, so only 
heuristic methods of solving this problem are of practical value. 

In our approach, the mesh generation and partitioning is made in two 
steps. Eirst, for a given coarse background mesh the preliminary com- 
putations are run, and the mesh density is calculated. This parameter 
takes into account accuracy (or errors) of EEM computations, and can 
be calculated using some methods for checking quality of solution, for 
example, error estimation [6]. 

In the next step, a new mesh is generated using refinement of the 
coarse mesh, and the number of its nodes and elements is defined by 
the previously calculated density. The process of refinement can be per- 
formed concurrently over different processors. To achieve this goal, for 
each element of the coarse background mesh, the numbers of new nodes 
and elements, which will be generated, are estimated. The estimation 
is based on the mesh density. Then a partitioning is performed. The 
created sub-domains are distributed over target processors, which take 
care for refining the mesh. 

The main advantage of our package is parallel mesh partitioning and 
generation based on the mesh density. As a result, memory bottlenecks 
of the sequential approach are avoided, since the resulting mesh is gen- 
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(xmin, ymin) 



Figure 3. Bisection of finite element domain. 

erated and stored on all processors. This permits the generation of very 
large meshes, which is normally impossible. 

6. APPLICATION OF GA FOR MESH 
PARTITIONING 

We have designed a genetic algorithm for the partitioning of 2D tri- 
angular finite element meshes, and implemented it using our library 
The process of decomposition proceeds as follows. First, the esti- 
mation of the numbers of new elements and nodes is performed. This 
process is repeated for each element of the coarse mesh. For this purpose, 
the following expressions are used: 

/ = i.,j (1) 

/{«) — [l ■ (('^i + '^j) ■ (2) 

where 5 is density of the mesh in a given node, and I denotes distance 
between given nodes. 

Formula (1) describes the expected number of new nodes which will be 
generated on the edge connecting nodes i and j of the background mesh. 
The second expression returns the expected number of new elements to 
be created in the coarse element e described by nodes i, j and k. 

When the estimation is done, the background mesh is divided into 
two parts. This process is recursively repeated for each of resulting 
sub-meshes, until the number of returned sub-domains is equal to the 
number of target processors. The idea of a simple bisecting procedure is 
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tour, size 


coding 


part I 


part II 


part III 


part IV 


disbalance 


interf. nodes 


2 


Gray 


20705 


20550 


21019 


20502 


352 


292 


15 


Gray 


20514 


20742 


20775 


20634 


152 


227 


15 


binary 


20702 


20583 


20956 


20383 


300 


271 


10 


Gray 


20943 


20392 


20566 


20587 


321 


274 



Table 1. Results of partitioning with different parameters of GA. 



presented in Fig. 3. The background mesh is partitioned by a dividing 
vector, which is described by three variables: x, y and a, where x and y 
are point coordinates, and a is a slope. 

The parameters of the dividing vector are searched using GA. The ob- 
jective function, which merges both requirements of mesh partitioning, 
is given by the expression presented below: 

F = h{Ei,E2) + \d{Ei)-d{E2)\ (3) 

where h{E\,E 2 ) is the total number of expected interfacing nodes, and 
d{E\), d{E 2 ) are the numbers of new elements in created sub-meshes. 

This expression takes the minimal value when the number of elements 
in both sub-domains is equal and the number of interfacing nodes is 
lowest, thus it fulfills the two goals described in the previous section. 
We assume that both criteria are equally important. Formula (3) is a 
base for the fitness function which is a vital part of any GA. For purpose 
of our algorithm, we have implemented the following fitness function: 

fit = 2- d{E) -F = 2- d{E) - h{Ei,E2) + \d{Ei) - d{E2)\ (4) 

where d{E) is the total number of new elements. 

The genetic algorithm used is based on the tournament selection [9] 
and uniform crossover operators [8]. It uses Gray coding for chromo- 
somes representation [7]. 

Table 1 presents results of partitioning with different parameters of 
GA. For a coarse mesh with 1051 elements and 611 nodes, the table gives 
the estimated numbers of new elements in resulting four sub-meshes (see 
Fig. 4), followed by the value of load disbalance 6, as well as the esti- 
mated number of interfacing nodes. Here the load disbalance is defined 
as 

b = max(| — — ^ — d{Ei) \),i = 1 . . .n 
n 

where n is a number of partitions. All results are averaged over 10 runs 
(with very small variance). 

The results in the first three rows were obtained using GA with the 
size of population equal 150. The crossover probability was 0.9 and 




AN OBJECT ORIENTED LIBRARY FOR EVOLUTION... 



359 




Figure 4- Mesh density and example of partitioning. 

mutation 0.01; each parameter of dividing vector was coded with 8 bits. 
The last row describes results of partitioning for the population size of 
100 individuals. The crossover probability was 0.75 and mutation 0.01; 
each parameter of dividing vector was coded with 5 bits. In this case, the 
time of computation was approximately 30% shorter than in the previous 
cases. This effect was achieved with a loss of quality of partitioning. 

As it is shown, the best results are obtained by the version of GA with 
the highest size of the tournament, and with the Gray coded population. 

7. CONCLUSIONS 

In this paper, we have presented the package for evolution programs. 
Thanks to use of an object oriented approach, it allows evolution meth- 
ods to be quickly implemented. Examples of its application for the 
problem of partitioning have been shown. Our library provides a flexi- 
ble and extensible framework suited for use as a tool by other developers 
and users. 
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